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ABSTRACT

MULTI-STREAM DEEP LEARNING FOR ISOLATED SIGN LANGUAGE
RECOGNITION IN VIDEOS

Isolated sign language recognition is the task of identifying signs performed in isolation
across multiple frames in a video. Advances in this field have significant implications, such
as improving visual communication between humans and machines and bridging the commu-
nication gap between deaf and hearing individuals. However, practical applications of this
domain have been limited by two key challenges: the computational complexity of current
models and the limited availability of training data for many vocabularies in sign languages.
This dissertation addresses these challenges driven by improving recognition accuracy and
computational efficiency.

3D convolutional models with RGB and optical flow inputs have been widely utilized
in state-of-the-art methods for action recognition. Despite their significant computational
costs, a systematic evaluation of their contribution to sign recognition has been limited. We
first evaluate the effectiveness of 3D convolutional networks, showing that they significantly
outperform their 2D counterparts on several sign recognition datasets, even when compared
to a deeper 2D architecture. Additionally, this research challenges conventual assumptions
about optical flow, demonstrating through ablation studies that its primary value lies in
masking irrelevant (static) regions rather than improving the learning of motion patterns for
sign recognition.

In addition to RGB and optical flow, this work investigates skeleton-based sign language
recognition using recurrent, transformer, and spatiotemporal convolutional graph networks.
Our experimental results demonstrate the importance of the spatiotemporal sparse graph

representation of skeleton data (coordinates of body and hand joints) in improving accuracy
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and interpretability through edge importance weighting. To address the limited number
of training data for many signs, we propose a coarse-to-fine transfer learning approach to
adapt spatiotemporal features learned from large action recognition and Turkish sign lan-
guage datasets to American sign language datasets. This approach results in significant
improvement for multiple modalities and benchmarks.

To combine different models in a multi-stream network, we propose several methods for
fusing the stream outputs before and after classification. To find the best combination of
models using RGB, optical flow, or skeleton as input modalities, we train and evaluate all
possible combinations in two- and three-stream networks on three sign recognition datasets.
Our findings show that combining RGB and skeleton-based streams provides the most signif-
icant gain over the RGB baseline, due to greater diversity in stream predictions. In contrast,
combining RGB and optical flow-based streams significantly increases the computational
cost, due to optical flow extraction, without improving accuracy over two RGB streams.

Our two- and three-stream networks, using only RGB and skeleton data as input modal-
ities, achieve new state-of-the-art accuracy on the two largest ASL video datasets, which
include 1000 and 2000 signs. Our approach achieves over 90% top-5 recognition accuracy on
all benchmarks while significantly reducing computational costs compared to state-of-the-art
methods. These findings facilitate real-time applications on mobile devices aimed at improv-
ing convenience in the daily lives of deaf individuals and helping to overcome communication

barriers.
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Chapter 1

Introduction

The ability of machines to recognize and interpret human actions is central to many
cutting-edge technologies, including autonomous systems, healthcare monitoring, and in-
teractive communication tools. Action recognition in videos aims to classify the action
performed by a human—such as running, walking, waving, or riding a bike—across multiple
frames by analyzing both spatial and temporal information. To achieve this, deep learning
models originally developed for image recognition have been adapted for action recognition
by incorporating a temporal dimension into 2D spatial filters [1—4].

However, a close examination of the accuracy achieved by the 3D convolutional models on
action recognition benchmarks [5—8] reveals a marginal improvement over their 2D counter-
parts, as observed in [7] and [9]. This calls into question the merit of using 3D convolutional
models over 2D for action recognition tasks, as the former is more computationally intensive.
One possible explanation for the limited improvement is that many actions in these datasets
are associated with certain objects or backgrounds, thus providing sufficient clues about the
action to the model without requiring it to learn the motion pattern.

Additionally, the use of two-stream networks—one for processing the RGB input and the
other for processing the optical flow frames extracted from the RGB input—has been widely
adopted in multiple state-of-the-art methods (e.g., [2, 10-13]). This approach relies on the
hypothesis that the optical flow stream is better at capturing motion, thus providing com-
plementary information to the RGB stream intended for capturing appearance features [14].
While this approach improves accuracy over a single-stream baseline, no direct comparison is
provided to a two-stream network where both streams process the same RGB input. This is
an important consideration because introducing more modalities into a network architecture
adds significant computational overhead, making the model less practical for mobile devices

and real-time applications.



In this dissertation, we approach isolated sign language recognition as a subcategory
of action recognition, where actions are characterized by certain hand configurations and
motion patterns. This perspective offers a more rigorous testbed for the spatiotemporal
models compared to general action recognition datasets, as the background of the signer and
nearby objects are not correlated with the performed sign. Moreover, motion constitutes a
key discriminative feature of signs, thus enabling a better evaluation of the contribution of
3D convolutional models and optical flow streams in multi-stream networks.

While sign language recognition serves as a valuable testbed for advancing spatiotem-
poral models and visual communication between humans and machines, its practical and
societal implications are even more compelling. There are more than 70 million deaf people
worldwide [15] and 430 million experiencing disabling hearing loss [16]. Automated sign lan-
guage recognition can bridge the communication gap between deaf and hearing individuals,
similar to how real-time translation applications facilitate communication between speakers
of different languages.

In the following sections, the problem of sign language recognition is first defined, followed
by the research questions and an overview of our approach. Subsequently, we introduce the
sign language datasets and their challenges. This chapter concludes with a summary of

contributions and an outline of the remaining chapters.

1.1 Problem Definition and Scope

Sign language recognition (SLR) can be broadly categorized into two forms: isolated
recognition and continuous recognition. Isolated SLR focuses on identifying a single sign,
corresponding to a specific word, in a video clip containing only that sign. In contrast,
continuous SLR seeks to interpret a sequence of connected signs in a video to generate the
corresponding sentence in a spoken language [17]. This dissertation focuses on the first

problem of isolated SLR as a special case of action recognition. Nonetheless, advancements
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Figure 1.1: Illustration of isolated sign language recognition as a classification problem. The
neural network is trained to predict the correct label (class) for any given input clip.

in isolated SLR research can be transferred to the continuous SLR domain since the latter
involves recognizing individual words as part of generating a coherent sentence.

Isolated sign language recognition is a classification problem where the input to the model
is a video, typically less than 10 seconds long, containing a single sign performed once or
multiple times across the frames. The output is a probability vector, with each element
representing the confidence that the input video belongs to a specific class. The predicted
label corresponds to the class with the highest probability among all classes (Figure 1.1).
Each isolated SLR video dataset has a defined number of classes (labels) ranging from 100
to 2000 classes.

From a machine learning perspective, isolated SLR is a supervised learning problem in
which the model is trained to correctly classify the input videos in a training set by adjust-
ing its weights to ensure its predicted labels match the ground truth labels. The model’s

generalization accuracy is then evaluated on unseen samples in the test set by comparing its



predictions to the ground truth labels and calculating the proportion of the correct classifi-

cations.

1.2 Research Questions

While several advances in action recognition have proven useful for isolated sign language
recognition, some challenges remain unresolved, including (i) the limited amount of training
videos relative to the size of the sign language vocabulary, and (ii) balancing the trade-off
between computational efficiency and accuracy. Although incorporating additional modal-
ities with hand-crafted features, such as optical flow, can help address the first limitation,
it hinders the second challenge by increasing the computational overhead of the network,
making it less practical for real-time usage with limited computational resources. Motivated
by the need to maximize recognition accuracy while minimizing computational cost, this

dissertation investigates the following key research questions.

1. How important is learning temporal features across all layers of a 3D convolutional
network (slow fusion) for sign language recognition compared to aggregating frame-
level features only in the final layer of a 2D convolutional network (late fusion)? This
is motivated by the observation that, while a 3D convolutional network is more com-
putationally intensive than its 2D counterpart, it has shown limited gain in action

recognition benchmarks such as the Kinetics dataset [3].

2. Does the inclusion of optical flow modality in a multi-stream network justify the added
computational cost compared to the inclusion of other modalities, such as RGB and
skeleton? Is the utility of optical flow in sign language recognition primarily due to

capturing of motion, or does it stem from other factors?

3. What is the optimal strategy for fusing stream outputs, and which combination of
streams (modalities) consistently results in the best improvement over the baseline?

Are certain classes of signs recognized significantly better with a specific modality?



To address the limited number of training videos per class, we propose a coarse-to-
fine training for all streams in the network, where each model is first trained on an action
recognition dataset, then on a sign dataset of a different language, and finally on the target
sign language dataset. The underlying hypothesis is that this progression enables the model
to first learn fundamental spatial and temporal features useful for general action recognition
tasks, then adapt these spatiotemporal features to higher-level, domain-specific patterns in
gesture recognition, and finally fine-tune to capture the specific nuances of the target sign
language dataset.

To address the aforementioned research questions, we first conduct comprehensive exper-
iments to: (i) analyze the impact of the slow fusion (3D convolutions) compared to the late
fusion of temporal features, and ii) analyze the effect of different components of optical flow
on accuracy to show its primary utility in isolated SLR is best understood as masking out
irrelevant features from the input, rather than in learning motion patterns, as commonly
assumed. We refer to this utility as the masking hypothesis. Based on these insights, we
construct, train, and evaluate all possible combinations of two- and three-stream networks on
three sign language datasets: AUTSL, MSASL, and WLASL utilizing RGB, optical flow, and
skeleton as input modalities. We systematically compare their accuracy gains over a single-
stream baseline, aiming to identify the right balance between accuracy and computational

cost.

1.3 Sign Language Datasets

Sign language researchers and linguists have produced several sign language datasets in
the past two decades for different spoken languages. Each dataset differs in the number of
signers, vocabularies (classes), video samples per vocabulary, and whether the recording was
done using a single or multiple cameras [18], or special equipment such as Kinect or depth
sensors [19-21]. To ease the recognition task, some of these datasets utilize plain backgrounds

or have the signers wear colored gloves [22] to facilitate tracking of hands and fingers. In



Table 1.1: Comparison of isolated sign language recognition datasets

Dataset Country Classes Signers Samples Year
Boston ASLLVD [23] USA 2742 6 9794 2008
DEVISIGN-L [24] China 2000 8 24,000 2014
SLR500 [25] China 500 50 125,000 2018
Word-Level ASL [20] USA 2000 119 21,083 2020
Microsoft ASL [27 USA 1000 222 25,513 2020
AUTSL [2§] Turkey 226 43 38,336 2020

this work, we focus on datasets with a single RGB camera without using special equipment
or gloves so that our approach could be extended to mobile devices for communicating on
the spot with humans or machines.

Table 1.1 lists the publicly available sign language datasets at the time of this writing.
Not all sign datasets are suitable for deep learning approaches, as some are either not large
enough or lack sufficient variety in their signs or signers. The following criteria guided our

selection of sign language datasets for this research.

1. The videos should be monocular (recorded using a single RGB camera) and no special
gloves or equipment. This excludes datasets whose videos were recorded with other

sensors such as depth cameras or lidar.

2. The dataset should contain enough samples per class to avoid fast overfitting during

training.
3. The videos should be recorded as isolated signs (words), not continuous sentences.

4. The dataset should be signer-independent: each sign should be performed by various
signers, and the signers in the training, validation, and test sets are mutually exclusive.
This reduces the likelihood of associating the recognition of a sign with certain individ-
uals and allows us to test if the model can generalize to unseen individuals performing

the same sign.



All datasets listed in Table 1.1 satisfy the first criterion. However, Boston ALLVD
does not provide a sufficient number of training samples relative to the number of classes.
Both ALLVD and Devisign datasets have relatively few signers and fail to meet the signer-
independence requirement. In contrast, Word-Level ASL (WLASL), Microsoft ASL (MSASL),
AUTSL, and SLR500 datasets sataisfy the four criteria.

Among these, WLASL and MSASL are the most challenging due to their relatively lower
number of samples per sign compared to AUTSL and SLR500. While SLR500 contains
the largest number of samples, we exclude it from our experiments for two reasons. First,
its signs are recorded in a controlled environment with identical backgrounds, which limits
its applicability to real-world scenarios. Second, its size requires substantial resources for

training in a timely manner, which is beyond the scope of this work. In this dissertation, we

use the AUTSL, MSASL, and WLASL datasets.

1.3.1 AUTSL

AUTSL (Ankara University Turkish Sign Language) [28] is a large-scale dataset for Turk-
ish isolated sign language recognition. The authors collaborated with Turkish sign language
instructors to select frequently used signs containing a variety of hand shapes and motions.
The signs in this dataset were performed by 43 different signers, including instructors, trans-
lators, students, and trainees. The dataset includes 20 distinct backgrounds, covering various
indoor and outdoor scenes and lighting conditions to provide realistic scenarios. To make it
more challenging, the authors included very similar signs that differ only in one aspect, such
as hand shape, orientation, position, or motion.

The authors recorded the videos in the dataset using Microsoft Kinect v2 and applied
clipping and resizing to provide 512x512 resolution for all videos. The recordings have a
frame rate of 30 FPS, and video lengths ranging between 1 and 3 seconds. The dataset is

split by the authors into 72% of the samples for training, 13% for the validation, and 15%



for the testing. Among the three datasets discussed in this section, this dataset is the most

carefully curated and has the best recording quality.

1.3.2 MS-ASL

Microsoft American Sign Language (MS-ASL) [27] is a large-scale ASL benchmark with
1000 vocabularies (words) released by Microsoft Research in 2020. The videos in this dataset
were captured and uploaded to YouTube by over 200 ASL professionals, teachers, and stu-
dents. These videos were recorded in various backgrounds, views, positions, and lighting
which makes it a bit more challenging. Nevertheless, this formed a dataset with realistic
data sources suitable for recognition systems designed to perform well in realistic circum-
stances (Figure 1.2 a).

The videos in this dataset were classified and labeled by the authors [29] based on the text
detected in the video using OCR, or the title of the video. Face recognition and bounding
boxes of the signer were detected and used to split long videos that included multiple signers.
Samples with more than 6-8 seconds were manually trimmed so they are not too long for
recognition tasks. The labels, bounding boxes, starting and end times of each sign instance,
and other metadata for all videos were made available as JSON files by the authors.

The authors split the dataset into training, validation, and test sets such that the signers
in these partitions are mutually exclusive, and therefore the signer independence is fulfilled.
Out of the 222 total signers, 165 signers were assigned to the training set, 37 to the validation
set, and 20 to the test set [27] or, in other words, a distribution of 74%, 17%, and 9%,
respectively. Since the frequency of samples by each signer in the corpus is very diverse
(ranges from 1 to 1000), the distribution of samples among the three partitions is not the
same as the respective distribution of the signers.

The MSASL dataset has been further divided into four benchmarks (subsets) called
MSASL-100, MSASL-200, MSASL-500, and MSASL-1000. The number after ‘MSASL’ refers

to the number of classes in that subset. MSASL-100 has the most frequent 100 signs, and



(a) Microsoft ASL (MS-ASL)

Figure 1.2: Some examples from (a) MS-ASL and (b) WL-ASL datasets. Both datasets have high
variety in background colors and appearances, but MS-ASL also includes non-plain backgrounds
with furniture and in some cases side view of the signer.

MSASL-200 has the most frequent 200 signs, and so on. Dividing the benchmark this way
is useful for studying the effect of the frequency of samples on the test accuracy. In our
experiments, we use the smallest subset (MSASL-100) and the complete set (MSASL-1000),
since the results of the other subsets fall between them. Table 1.2 shows statistics of these

two subsets.

1.3.3 WL-ASL

Word-Level American Sign Language (WL-ASL) [26] is another large ASL benchmark
containing 2000 words released in 2020 by the Australian Centre for Robotic Vision (ACRV).

The videos in this dataset were collected from 20 different websites including educational sign



Table 1.2: Comparison of AUTSL, MS-ASL, and WL-ASL datasets statistics [26—28]. The row
‘Mean’ indicates the average number of videos per class.

Dataset | AUTSL | Microsoft (MS-) | Word-Level (WL-)
Subset - ASL100 ASL1000 | ASL100 ASL2000
Classes 226 100 1000 100 2000
Signers 43 189 222 97 119
Videos 38336 | 5,736 95,513 2,038 21,083
Mean 169.6 o7.4 25.5 204 10.5
Duration ~22 hrs 5:33 24:39 - 14 hrs
[hrs:min)|

language websites as well as ASL lessons and tutorials on YouTube [26]. Unlike MS-ASL,
WL-ASL is more curated and most of the videos have a plain background and face forward
view of the signer (Figure 1.2 b).

The labels (classes) of the video were taken from its titles on YouTube or from the
annotations on the educational ASL websites. The temporal boundaries of a sample are
the start and end frames of the sign and any repetition of the sign afterward would not be
included within these boundries. YOLOv3 [30] and FaceNet [31] were applied by the dataset
creators to detect the bounding boxes and the signer identity, respectively. Similar to natural
spoken languages, a sign in ASL can be performed in multiple dialects or variants. The
annotators of WL-ASL thus made sure every variant of a sign in the test set has examples
in the train and validation sets. The gloss labels, temporal boundaries, bounding boxes,
signer id, variation id, and other metadata are available as a text file from the dataset
repository [29].

After sorting the classes in descending order according to their number of samples,
WLASL is divided into four benchmarks (subsets) named WLASL-100, WLASL-300, WLASL-
1000, WLASL-2000, where the number of classes in the subset is indicated after ‘WLASL’.
Similar to MSASL, we select the smallest subset (WLASL-100) and the complete set (WLASL-
2000) for our experiments, as the results of the others fall between them. The WLASL

dataset follows a ratio of 4:1:1 for splitting the samples between train, validation, and test
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sets. Table 1.2 shows the statistics of WLASL and its two subsets in comparison to MSASL
and AUTSL. MSASL has more signers, more videos, more samples per class, and more video
hours than WLASL. AUTSL has fewer signers but substantially more training videos—in

total and per class—than the other two.

1.4 Challenges in Sign Recognition
A notable challenge in automated sign language recognition lies in subtle differences in
performing a sign, which can results in different meanings. Each sign is characterized by five

parameters that distinguish it from other signs, as outlined below [32].

1. Handshape: The configuration of the hand, including the arrangement of fingers, such

as whether they are extended, bent, or folded.

2. Palm Orientation: The direction the palm faces, such as upward, downward, inward,

or outward.

3. Movement: The type and direction of motion performed by the hand, such as circular,

horizontal, vertical, tapping, or back-and-forth movements.

4. Location: The specific area on the body or within the signing space where the sign is

performed, such as near the chin, shoulder, forehead, or other reference points.

5. Non-Manual Signals: Facial expressions, head movements, body posture, or mouthing
that convey additional meaning, such as indicating a question, negation, affirmation,
or tone. However, these signals often serve as grammatical markers within a sequence

of signs rather than being intrinsic to an individual sign.

All five parameters are combined simultaneously in the production of each sign. Altering any
one of them can change the meaning (Figure 1.3). For instance, the ASL signs for ‘proof’

and ‘stop’ have similar hand movement but differ in the orientation of the right hand. In
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contrast, the ASL signs for ’school” and 'paper’ have the same hand orientation but differ in

right hand movement.

“school”

”paper"

”pl’OOf”

“sto pu

Figure 1.3: Subtle differences in hand movement and orientation can translate into different
meanings. The four ASL signs shown here have generally similar two-hands expressions. However,
the right hand in ’school’ moves (claps) vertically while in ’paper’ it moves (claps) horizontally.
The orientation of the right hand is parallel to the left hand for 'proof’ and perpendicular for ’stop’.

Another challenge is due to regional dialects, where the same word can be signed differ-
ently depending on the geographical area. For example, there are 5 distinct ways to sign
‘computer’ [27].

Additionally, the datasets used for sign recognition introduce their own challenges. First,
many classes in MSASL and WLASL have limited training and testing samples. This is

significant because deep neural networks with millions of parameters are ”data-hungry”,
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and the quality and quantity of training data play a critical role in the model’s performance.
Second, as mentioned in Sections 1.3.1 and 1.3.2, AUTSL and MSASL have many variations
in backgrounds, lightening conditions, and field of views. Third, because the labeling and
temporal segmentation of videos in MSASL were automated, some of its annotation are
inaccurate.

Moreover, a considerable number of the YouTube videos referenced in MSASL and
WLASL datasets have been removed by the hosting YouTube channels. However, we were
able to obtain copies of the missing videos in WLASL after contacting the authors. We
reached out to the authors of MSASL but did not receive a response. Nevertheless, we
were able to recover some of the missing clips in MSASL from WLASL. Ultimately, 11.4%
of training clips, 14.3% of validation clips, and 3.8% of test clips in MSASL-1000 remains

missing.

1.5 Contributions

While 3D convolutional models and optical flow modality have been widely used in state-
of-the-art isolated sign recognition, a systematic evaluation of their contribution to learning
the motion of signs has been limited. This research fills this gap by examining the improve-
ment of 3D convolutional models (slow fusion) over 2D baseline (late fusion) and analyzing
the motion components of optical flow. Our results show that for isolated SLR, the improve-
ment achieved by slow fusion compared to late fusion methods is more pronounced than that
for action recognition. Furthermore, the research challenges conventual assumptions about
optical flow, showing that its primary value lies in segmenting relevant regions rather than
capturing motion magnitude or direction. Remarkably, replacing optical flow with simpler
alternatives, such as a binary mask, achieves comparable accuracy.

Skeleton-based sign recognition has been adopted in multiple state-of-the-art methods.
However, extracting skeleton data (coordinates of body and hand joints) from RGB input

video often relies on a computationally intensive model [33] to achieve a high detection rate.
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Instead, we utilize a real-time pose and hand detection module [34,35], designed for mobile
devices, and demonstrate that a graph convolutional network (ST-GCN) is better suited
for this modality compared to recurrent networks or transformer encoders. To enhance the
interpretability of ST-GCN, we devise a visualization method based on the edge importance
weighting learned by the graph.

Transfer learning from the Kinetics dataset has been proven useful in the action and sign
recognition literature. We extend this approach by additionally pretraining the model on
the AUTSL dataset, before training on the target dataset (e.g., MSASL or WLASL). We
demonstrate that this method (coarse-to-fine training) improves the accuracy across various
modalities, including RGB, optical flow, and skeleton. Our ablation studies show that for
this method to be effective, the datasets used for pretraining should be of high mass and
high density.

A key contribution of this work is the systematic evaluation and analysis of stream fusion
strategies and the possible combinations of two- and three-stream networks using RGB,
optical flow, and skeleton inputs. Our findings indicate that combining RGB and skeleton
streams achieves the best performance while adding additional streams leads to diminishing
returns. Furthermore, our results demonstrate that the optical flow stream can be replaced
by another RGB stream without a meaningful loss in accuracy, whereas adding the skeleton
stream yields the most significant gain over the RGB baseline due to greater diversity in
predictions.

Our two-stream network [I3D, GCN] achieves new state-of-the-art accuracy on the MSASL
and WLASL datasets while consuming significantly fewer FLOPs than other state-of-the-
art methods. This is significant as it demonstrates that by focusing on improving the
training and fusion strategies—without relying on optical flow or unnecessary architectural
complexities—higher sign recognition accuracy can be achieved while maintaining computa-

tional efficiency.
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1.6 Overview of Chapters

The subsequent chapters in this dissertation are organized as follows.

Chapter 2 (Background) includes a literature review and critical analysis of various
spatiotemporal models from action recognition that can be applied to isolated sign

language recognition.

Chapter 3 (Methods) includes the design of individual streams (models) and the
methods for extracting optical flow and skeleton data from RGB inputs. The imple-
mentation details of the training and inference pipelines are also provided. Several

stream fusion methods are proposed and tested.

Chapter 4 (Results and Analysis) includes the ablation studies, experimental re-
sults, and analysis of the effects of slow fusion, optical flow, skeleton models, and
transfer learning. The results of two- and three-stream networks are provided, ana-

lyzed, and compared with state-of-the-art approaches.

Chapter 5 (Conclusions) summarizes the research findings and outlines directions

for future work.
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Chapter 2

Background

Convolutional neural networks are regularized forms of neural networks that use convo-
lution instead of full matrix multiplication in one or more of its layers. Although they have
been known since the 1980s [36, 37], practically showing that they are the best paradigm
for learning image classification on a large scale is attributed to Krizhevsky, et al. [38]. In
the ImageNet challenge of 2012, their work demonstrated that a deep convolutional neural
network outperforms SVM classifiers, with state of the art hand-engineered features, by a
large margin on ImageNet dataset [39]. The prevailing success of deep learning models in
vision applications afterward can be ascribed to three main factors: i) the availability of
large-scale annotated datasets (e.g., ImagNet), ii) exploiting the high parallelism of GPUs
for training, and iii) development of architectural designs to increase accuracy and training
efficiency through iterative trial-and-error.

A similar shift from feature engineering towards training deep learning models on raw
data has taken place for videos. Dense trajectory methods [10,41] which are based on
extracting spatial and temporal features (e.g., HOG, HOF, MBH) along motion trajectories
in videos were known for a while as the state-of-the-art method on relatively small video
datasets, such as UCF-101 and HMDB-51. As larger video benchmarks became available
(e.g., Kinetics), deep learning models surpassed linear classifiers that used hand-engineered
features, due to the fact that they became less likely to overfit while having more capacity
to learn from the data.

Training deep learning models on videos, however, is not a free lunch that comes without
difficulties. Compared to image classification, action classification presents additional chal-
lenges due to variations in viewpoints and motion. Therefore, it might require more training
data than ImageNet for it to work as well [10], which in turn requires more training time

and hardware resources. For this reason, we review deep learning models for videos from
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both the modeling and the computational perspectives. From a modeling perspective, we
are interested in the question of how well spatiotemporal models capture motion information
through their different architectures. This can be measured quantitatively by how much they
improve over the accuracy of a 2D ConvNet baseline which disregards temporal ordering and
dependencies between the frames. From a computational perspective, we are interested in
the question of how the model architecture contributes to its computational efficiency as
measured by the number of Floating Point Operations (FLOPs). Using the insight given
by these perspectives, a trade-off can be made between the accuracy improvement and the
computational cost of the model.

The rest of this chapter is organized as follows. Section 2.1 introduces the single-image
baseline and describes the three broad categories of fusing temporal information across the
frames. In Section 2.2, we summarize the characteristics of four action recognition datasets
used to train and test the models in this chapter. In Section 2.3, we review common 3D
ConvNet architectures where motion cues are learned implicitly. Section 2.4 describes two-
stream networks in which the second stream is claimed to learn motion patterns using optical
flow or fast pathway. Section 2.5 describes two ways of combining recurrent units with con-
volution to capture temporal ordering and long-range dependencies. Non-local networks,
which use a general form of attention, are detailed in Section 2.6. We provide our critical
assessment (strengths and weaknesses) of the models in Sections 2.3 through 2.6 in their re-
spective Analysis subsection. Section 2.7 summarizes common training and testing methods
in the literature. The chapter concludes with a summary of key observations that motivate

our research in Section 2.8.

2.1 Fusion Methods

A simple multi-frame baseline to consider for action recognition tasks is to pass the frames
in the video individually through a 2D ConvNet and average the individual predictions from

the frames to get a single prediction for the video. This way, the frames in the video are
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Figure 2.1: Methods for temporal fusion through the network. First row shows the single frame
baseline and the three methods commonly used for fusing information from frames in the clip [7].
Second row shows how a 2D or 3D convolutional kernal is applied on single or multiple frames [1].

treated as independent images each voting on the class of the action. Alternatively, a single-
frame baseline is commonly used in action recognition benchmarks [7,14,42] where one frame
from the video is selected and passed to a 2D ConvNet to get a prediction for the action
class in the video (Figure 2.1 a). Since these baselines do not take into account any temporal
ordering or relations between the frames, they are useful in understanding the contribution
of static appearance alone on the classification accuracy, and by how much the accuracy is
improved once the temporal information is considered.

To learn the motion features of actions, however, the temporal domain should be con-
sidered by the model. Karpathy, et al., [7] investigated three broad approaches to fusing
information across the frames:

Early Fusion. In early fusion, information from multiple frames is integrated early, at
the pixel level. This is achieved by concatenating the frames along the channel dimension to
form a single input volume with C' x T' channels, where C' is the number of channels (e.g., 3

for RGB frames) and 7T is the number of frames. The 2D convolutional kernel in the fusion
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layer spans the depth of the input volume and outputs 2D feature maps. Therefore no other
changes are introduced in subsequent layers of the 2D ConvNet (Figure 2.1 ¢). The purpose
of this approach is to capture local motion cues early from raw pixels, although it tries to
achieve that very quickly using only one layer.

Late Fusion. In contrast to early fusion, late fusion merges information from the frames
late in the network, after they have been processed individually by all convolutional layers.
Karpathy et al. [7] used two single-frame towers with shared parameters placed 15 frames
apart (Figure 2.1 b). The late fusion layer in that instance is a fully-connected layer (fc6)
that merges the high-level features to detect global motion across the two frames. This
approach can be generalized to multiple frames, and by using other types of fusion layers,
such as recurrent layers [11,43], average pooling [9], or max-pooling [11]. Learning local
motion across the frames in late fusion is difficult because the fusion layer receives high-level
representations of the frames where subtle local motion is harder to discern.

Slow Fusion (aka 3D ConvNet). A balanced approach between early and late fusion
is slow fusion, where 3D convolutions are used in the convolutional layers. While a 2D
convolutional kernel in early fusion has a full temporal receptive field T, a 3D convolutional
kernel typically has a small temporal depth d < T" allowing the ConvNet to slowly integrate
motion features from the frames through its convolutional layers (Figure 2.1.d). This is
similar to the way 2D ConvNets gradually fuse spatial features throughout the network.
In the case of 3D ConvNet, however, slow fusion occurs for both the spatial and motion
features. In this approach, both local and global motion can be captured. However, it
has the disadvantage of increasing the number of parameters in the model, thus increasing
the computations and the size of the dataset required for training without overfitting. In
Section 2.3, we describe some instantiations of 3D ConvNet architectures with the slow fusion

approach.
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2.2 Action Recognition Datasets

In this section, we present an overview of the action recognition datasets related to the
results discussed in this chapter. This should add context to the models in terms of the scale
and the intricacy of the data they were trained on.

UCF-101 [5]. UCF stands for “University of Central Florida”. This widely used dataset
for benchmarking action recognition models includes a total of 101 action classes, divided into
five types: human-object interaction, body-motion only, human-human interaction, playing
musical instruments, and sports. The dataset has 13,320 trimmed videos downloaded from
YouTube with 320 x 240 resolution. The total duration of all videos is 27 hours, with a mean
video length of 7.21 seconds.

HMDB-51 [6]. HMDB stands for the “Human Motion DataBase”. This dataset has 51
action classes with a total of 6,766 videos extracted mostly from movies, with a small portion
from YouTube and other sources. The 51 actions can be grouped into five general categories:
general facial actions, facial actions with object manipulation, general body movements, body
movements with object interaction, and body movements for human interaction.

Sports-1M [7]. This is a large scale dataset that consists of 1 million Youtube videos
with 487 classes of sports. There are 1000-3000 videos per class. This dataset is annotated
with many types of sports such as aquatic sports, team sports, winter sports, ball sports,
combat sports, sports with animals, etc. Some sports are fine-grained; for instance, it has
seven different types of American football.

Kinetics-400 [3]. The state of the art performance on UCF-101 has nearly plateaued
after I3D [2], and the Kinetics dataset from DeepMind has become the new benchmark for
evaluating the state of the art models. Kinetics-400 has 400 human action classes with
400-1150 videos for each action. In total, it has 306,245 videos obtained from YouTube
with each video lasting around 10 seconds. The list of action classes covers: single person
actions, person-person actions, and person-object actions. Kinetics-600 and Kinetics-700 are

extended versions of this dataset with 600 and 700 action classes, respectively.
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All these datasets have a variety of camera motion and viewpoints as well as different

lighting conditions, shadows, and backgrounds.

2.3 Network Architectures for 3D CNN

In this section, we describe prominent architectures for 3D convolutional neural networks
that demonstrated competitive performance on action recognition datasets. These models
follow the slow fusion approach since many of their layers use 3D convolutional filters with

a small temporal depth.

2.3.1 AlexNet

AlexNet [38] was the first deep learning model to win the ImageNet classification challenge
(ILSVRC-2012). The input image to the network is of size 224 x 224. The image is processed
by five 2D convolutional layers of kernel sizes 11, 5, 3, 3, and 3, with max-pooling after the
first, second, and fifth layers. The output from the last pooling is flattened and fed to two
consecutive fully connected (dense) layers of size 4096, followed by a softmax which outputs
probabilities for the 1000 classes in ImageNet.

To extend the standard AlexNet for slow fusion (i.e. 3D AlexNet), Karpathy et al. [7]
added a temporal dimension to the 2D spatial filters in the first three convolutional layers.
Filters in the first convolutional layer use a temporal depth of d = 4 with stride 2 and are
applied to T" = 10 frames, thus producing 4 responses. For the second and third convolutional
layers, a temporal depth of d = 2 with stride 2 is used, resulting in the third layer having a
full temporal receptive field of 10 frames. Consequently, the fourth and fifth convolutional
layers receive inputs of unit temporal length so they are not modified.

A multiresolution AlexNet architecture is proposed in [7] to speed up the training process
of the network by using two streams of similar architecture, to process two different spatial
resolutions of the frame. The context stream operates on the full frame downsampled to

half the original resolution. The fovea stream operates on the full resolution of the frame
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cropped from the center to be half the original size. The fovea stream makes use of the
observation that objects of interest are more likely to be seen close to the center of the
image. Both streams are fused before the first fully connected layer by concatenating their
activation maps. As a result, the total number of floating point operations (FLOPs) in
the convolutional layers of both streams is half of that in the original architecture for the

trade-off that they hold twice the numbers of parameters.

2.3.2 C3D Network

C3D (Convolutional 3D) network [1] is a 3D ConvNet that follows a simple architectural
design based on VGG net [14], the winning model for the 2014 ImageNet classification
challenge. Unlike AlexNet, the VGG model adopts a homogeneous setting of 3 x 3 kernels in
all its convolutional layers. The smallest instantiation of a VGG net (VGG11) has 11 layers
including 8 convolutional layers, 5 max-pooling, and 2 fully connected layers, followed by a
softmax output layer. The channel depth after each downsampling with a pooling layer is
doubled to capture more complex features in later layers while keeping a similar amount of
computations.

C3D is the 3D version of VGG11 where every convolutional kernel in the network gets a
temporal depth of d > 1. Tran et al. [1] conducted a kernel temporal depth search and found
that using a kernel of size 3 x 3 x 3 in all convolutional layers slightly outperformed other
temporal depths such as 1, 5, or 7. A nice attribute of C3D is the simplicity and uniformity of
its design. The main drawback, however, is the huge memory footprint and FLOPs required
for each pass, as well as the number of parameters which are mostly concentrated in the last

fully connected layers.

2.3.3 Inflated 3D ConvNet (I3D)

I3D (Inflated 3D) networks are ConvNets with pretrained 2D kernels inflated to 3D. The
term was originally used in reference to the inflated batch-normalized inception network

(BN-Inception I3D) [2], but it has since been frequently used to refer to other ConvNets
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with inflated pretrained kernels. Other instantiations of I3D use ResNet-50 or ResNet-
101 [9,45]. In this subsection, we use the term I3D to refer to the original instantiation with
the inception architecture.

BN-Inception [16,47] is a 22-layer 2D ConvNet with multiple identical building blocks
known as inception blocks. Inception blocks perform convolutions of different kernel sizes as
well as max-pooling in parallel. Compared to VGG, Inception-v1 achieves a higher accuracy
on ImageNet while consuming less amount of computations and memory. To attain such
efficiency, it utilized useful network architectural designs such as stem downsampling, global
average pooling, and 1 x 1 convolutions to reduce the number of channels within the blocks.

Developing new competitive 3D ConvNet architectures from scratch tailored for videos
can be a long iterative process with many trials and errors, which is both time-consuming and
resource-intensive. 13D models take a different approach by recycling off-the-shelf state of
the art 2D ConvNets and convert them into 3D [2,12]. I3D proposes two main modifications
to achieve that:

Inflating 2D kernels into 3D. All 1 x 1 and 3 x 3 convolutional kernels as well as
3 x 3 max-pooling in the inception blocks are inflated temporally to have a size of 1 x 1 x 1,
3 x 3 x3,and 3 x 3 x 3, respectively. This follows a similar conversion pattern as the C3D
network.

Bootstrapping from pre-trained 2D filters. Unlike C3D, which was trained from
scratch, I3D inherits its initial set of weights from BN-Inception trained on ImageNet. The
3D kernels in I3D are initialized from the 2D filters by repeating the weights of all spatial
filters d times (d=kernel temporal depth) along the time dimension and dividing the kernel
weights by d. This way, if all the frames in the video were just copies of one image, the
output from the I3D network would be equivalent to its 2D counterpart applied to that

image.
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2.3.4 Analysis

Strengths

+ Adapting successful 2D ConvNet architectures for 3D gives the models a head start by
inheriting design principles that have shown to work well on the image domain. This has
the added advantage of transfer learning from the large ImageNet to small video datasets.
In particular, I3D shows a useful strategy for transfer learning from 2D to 3D convolutional

filters. Initializing 13D from ImageNet consistently boosts its accuracy on UCF-101 and
HMDB-51 [2].

+ I3D, with Inception or ResNet as its backbone, is much more computationally and memory
efficient than C3D with a VGG backbone. In our measurements', I3D-Inception is 5.6x
faster than C3D (27.8 vs 154.5 GFLOPs), and holds 6.25x fewer parameters than C3D
(12.8M vs 80M). This is mainly due to the efficient design concepts that were introduced
after VGG, such as 1 x 1 convolutional bottlenecks to reduce the channel depth, and

average pooling to eliminate fully connected layers, which hold most parameters.

Weaknesses

- 3D ConvNets do not improve over the 2D baseline accuracy by much. For instance,
AlexNet with slow fusion has only 0.9% better accuracy on Sports-1M than the single-
frame AlexNet [7]. Similarly, inflated ResNet-101 shows 1% better accuracy on Kinetics
than its 2D version [9]. This can be attributed to the spatial features in these datasets
being more discriminative than motion cues. In other words, the datasets do not contain

enough actions with similar spatial semantics but different types of motion.

- 3D ConvNets are more susceptible to overfitting since they have many more parameters
than 2D ConvNets due to the added kernel dimension. This can be mitigated by data

augmentation or pretraining on large datasets. In fact, the success of 13D over other

'We used ptflops [48] to run the measurements
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contemporary models can be largely attributed to its pre-training on Kinetics, as observed

by the results of I3D [2] on UCF-101 and HMDB-51 datasets.

2.4 Two-Stream Networks
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Figure 2.2: Two-stream network architecture for video classification. The spatial stream operates
on a single RGB frame while the temporal stream operates on the optical flow computed from
multiple consecutive frames [14].

Two-stream networks refer to the general framework of using two network streams; one
to model spatial appearance and another to model the motion of the action. In 3D CNNs,
learning motion cues is intertwined with learning the appearance features, since they treat
the temporal dimension as a third spatial dimension. In contrast, two-stream networks claim
to learn motion patterns explicitly through a dedicated temporal stream [14,49] in addition
to spatial stream.

The first non-shallow two-stream neural network used for action recognition was proposed
by Simonyan et al. [14]. In their seminal work, both streams have similar 2D CNN architec-
tures to AlexNet [38] (Figure 2.2). The spatial stream operates on a single frame from each
video chosen randomly akin to the single frame baseline in [7], which showed a competitive
performance to slow fusion. The spatial stream can contribute to the action recognition task

because some actions are associated with the existence of a particular object in a still frame.
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Since the spatial stream is essentially an image classification architecture, it can also benefit
from pre-training on ImageNet. The second stream, referred to as the temporal stream, uses

the optical flow of the video for its input modality instead of RGB frames.

2.4.1 Optical Flow

To explicitly represent motion between video frames, the temporal stream CNN operates
on optical flow displacement fields between consecutive frames. Optical flow is the apparent
motion of individual pixels from one frame to the next [50]. Optical flow estimation is
often based on the two assumptions of brightness constancy and smoothness of motion [51].
Several analytical methods were devised for optical flow estimation [52-54], each with their
assumptions and shortcomings. However, deep learning methods for optical flow estimation
[55,56] have become more prominent as they achieve state-of-the-art accuracy. Given that
the optical flow field has been computed between each pair of consecutive frames in a video,
Simonyan et al. [14] proposed the following three ways to stack the displacement vector fields
to form the input for the temporal stream.

Optical flow stacking. An optical flow displacement field is a set of vectors representing
how points have moved from one frame to the next. For a point (u,v), d;(u,v) denotes the
displacement at that point from frame ¢ to frame ¢t + 1. The displacement vector field has
horizontal and vertical components (d¥,d}), thus can be represented by two channels. By
stacking the optical flow of L consecutive frames, the input volume will have 2L channels.
This can be arranged such that vertical and horizontal channels are placed in the even and
odd indices, respectively.

Trajectory stacking. Instead of sampling points at the same locations across multiple
frames, the motion trajectories of the sampled points can be used as an alternative represen-
tation. To find the trajectory of a point in an initial frame, the displacement vector at that
point is applied to get its location in the second frame. The displacement vector at the new

location in the second frame is then applied to get its next location in the third frame, and
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so on. This method was inspired by dense trajectories [10], which showed a state of the art
performance using hand-crafted features. Trajectory stacking has the advantage of explicitly
encoding the motion trajectories in the input volume. However, the errors in optical flow
estimation can add up, causing deviations from true trajectories.

Bi-directional optical flow. The previous two representations use forward optical
flow where displacement vectors follow the natural direction of time. Backward optical flow
estimates reverse motion from a frame t to the previous frame ¢t — 1. To form a bi-directional
optical flow, the input volume, representing L consecutive frames, is divided into two halves
where each L/2 represents one direction of optical flow.

The temporal and spatial streams can be trained jointly or separately and the softmax
outputs from each stream can be averaged or combined and passed into a linear SVM clas-

sifier.

2.4.2 Analysis
Strengths

+ In Simonyan et al. [14], the temporal stream with optical flow stacking achieves 8.3%
improvement in accuracy on UCF-101 over the spatial stream. This margin becomes
even more significant when the spatial stream is trained from scratch. Specifically, the
temporal stream shows 24.6% better accuracy than a slow fusion CNN operating on a
stack of 11 RGB frames without any pretraining. This indicates that optical flow as a
feature extractor is particularly useful in situations where pretraining or access to more

training data is not feasible.

+ The study in [14] demonstrates that multitask learning for the temporal stream and trans-
fer learning for the spatial stream are valuable tools to reduce overfitting, especially on
small video datasets. Training the temporal stream on HMDB-51 and UCF-101 in a
multitask fashion (i.e. one backbone with two softmax classifiers, one for each dataset)

achieves 8.8% improvement in accuracy on HMDB-51 over training on HMDB-51 without
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any additional data. Moreover, pretraining the spatial stream on ImageNet adds 20.7%

to its accuracy on UCF-101 relative to training it from scratch.

Weaknesses

- Although the temporal stream outperforms the spatial stream in [14], no conclusive ev-
idence was provided to demonstrate that the temporal stream with optical flow input is
better at learning motion patterns than a 3D convolutional network with RGB input.
Carreira et al. [2] compare a two-stream network of RGB and optical flow inputs to a
single stream RGB baseline, but no comparison is made to a two-stream network with
RGB input only. This is needed to discern whether the value added by the additional

stream is due to optical flow or simply the ensemble of models.

- Estimating optical flow is based on the assumptions of constancy and smoothness of motion
and thus, the frames have to be consecutive to avoid poor estimations. This involves more
computations and memory since reducing the spatial or temporal resolution (via sampling)

negatively affects the accuracy of the flow.

2.4.3 SlowFast Network

The SlowFast network, proposed by Feichtenhofer et al. [19], is a two-pathway architec-
ture that operates at two different frame rates. This is analogous to the two-stream architec-
ture [14], which has been the basis for many competitive models in the literature [2,12,57].
Unlike the original two-stream network, which used both RGB and optical flow (two different
modalities) as inputs, SlowFast networks sample the input frames at two different temporal
speeds using a single RGB modality. The SlowFast architecture is set to learn from raw video
data end-to-end without using extra hand-designed representations such as optical flow.

The SlowFast network architecture is composed of two pathways, slow and fast. The
slow pathway operates at a low frame rate and is meant to capture spatial semantics (e.g.,
object recognition). The fast pathway is intended to capture motion information at fine

temporal resolution by operating on a high frame rate (Figure 2.3). This is motivated by
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Figure 2.3: A SlowFast network. The slow pathway (green) operates on a few number of frames
(T') but has a high channel capacity (C). The fast pathway (orange) has higher temporal resolution
(o) but lower channel capacity (8C) than the slow pathway (where o > 1 and 5 < 1) [49].

the observation that the categorical semantics of a visual scene in a video such as a person
or an object (along with their features, texture, color, etc) change slowly relative to their
motion [49]. For action recognition, an entity such as a human or animal can be identified
using one or few frames while their actions such as waving, jumping, walking, and running
might require higher temporal resolution (i.e. more frames) to be distinguished.

Another inspiration for the two pathway design was taken from the visual system in
primates, where Parvocellular neurons (P-cells) are more sensitive to spatial detail and color
than Magnocellular neurons (M-cells). M-cells have a poorer spatial resolution but greater
temporal resolution than P-cells and thus, are more responsive to fast changes in time [58].
However, this connection to biology is “rough and premature” as admitted by the author [19].

A major difference between the two pathways is their channel capacities. The fast path-
way is designed to be very lightweight in terms of computations (FLOPs) and thus, processes
significantly fewer channels throughout the network than the slow pathway. Feichtenhofer et
al. [19] reported that only 20% of the total computations are carried out by the fast pathway
even though it operates on a higher temporal resolution than the slow counterpart. This

is because the number of FLOPs performed by a convolutional layer is roughly quadratic
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in terms of the channel depth (considering both input and output channels), but linear in
terms of its temporal depth.

More concretely, let o > 1 represents the frame rate ratio between the fast and slow
pathways, and let § < 1 represents the ratio of channel depth between the fast and slow
pathways. Then, the fast pathway samples a7 frames and computes SC' channels, where
T and C are the numbers of frames and channels used in the slow pathway, respectively
(Figure 2.3). The experiments in [19] has « set to 8 and § to 1/8. In other words, the
fast pathway has 8 times the temporal resolution of the slow pathway but 1/8 of its channel
capacity.

Similar to the two-stream networks [14], the SlowFast network concept is generic and
can be instantiated with various backbones. In [19] each pathway is a 3D ResNet modified
from [12]. Lateral connections are used to fuse the information from the fast to the slow
pathway after the first pooling layer, and the second, third, and fourth residual blocks.
To match the temporal dimensions before fusing, multiple methods have been explored,
including packing all a frames into the channels of a single frame, sampling one frame
out of every « frames, or using time-strided convolution. Finally, at the output of each
pathway, a global average pooling is applied to get a feature vector. The two vectors are

then concatenated and fed into a softmax layer for classification.

2.4.4 Analysis

Strengths

+ The SlowFast model shows better accuracy while being more computationally efficient
than the two-stream I3D. Moreover, this is one of the first studies that does not overlook
the accuracy vs computational cost tradeoff when comparing the models. For instance,
SlowFast ResNet50 (8 x 8) achieves an accuracy of 77.0% on Kinetics-400, a small margin

from 77.7% achieved by Nonlocal ResNet101 [19]. However, the former requires 5.46x fewer
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FLOPs than the latter, which translates to faster inference and a significant reduction in

computational cost.

+ The SlowFast results indicate that optical flow is dispensable and not necessary for compet-
itive performance on large video datasets. While using optical flow has been the foundation
of several states of the art results on UCF-101, it is a hand-designed representation that

adds extra computational overhead and storage cost.

Weaknesses

- The study interprets lowering the channel capacity for the fast pathway as weakening its
ability for building spatial representations. While that is true, it also weakens its ability for
capturing motion since all the channels are spatiotemporal. Moreover, the fast pathway
contributes only up to a 3% improvement to the accuracy of the slow-only model [19].
Therefore, the fast pathway can not be claimed to capture motion patterns much better

than the slow pathway.

- Ablation studies were provided in [49] for values of /3, types of lateral connections, and
ways to weaken the spatial input to the fast pathway. However, there is no ablation
for varying values of a. This is needed in order to justify the intuition behind the two
pathway design. If reducing « (e.g., by lowering the frame rate of the fast pathway) while
increasing  has no significant effect on the accuracy, it could imply that the success of
the model is not necessarily due to the characteristics of the two pathways, but to the
more-than-one-stream architecture. In some way, this resembles the effect of an ensemble

of two or more neural networks on the total accuracy.

2.5 Recurrent Convolutional Networks

Recurrent neural networks (RNNs) are a common approach for learning sequence mod-
eling when there is temporal dependence between input tokens as is the case in text, speech,

and time-series data. Unlike feedforward neural networks, RNNs use an internal memory
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(hidden state) to summarize the sequence in the input it has seen so far. Action recognition
from videos seems like a natural fit for RNNs since a video is a sequence of frames with tem-
poral order and structure. However, standard RNNs architectures, such as LSTM or GRU,
operate on one-dimensional inputs. For that reason, CNN is usually applied first to encode
the frames as a sequence of feature vectors before passing them into an RNN. Recurrent
Convolutional Network (RCN) refers to the use of both convolution and recurrent layers in
the network. In this section, we describe two methods for combining recurrent networks with

convolution.

2.5.1 2D CNN + RNN

Average Predictions

| Softmax | | Softmax | | Softmax | oo | Softmax | | Softmax |

Figure 2.4: Recurrent convolutional network. The 2D ConvNet extract high level features from
the frames. The LSTM processes the features of the frames sequentially.

A typical approach for using RNN with videos consists of two steps. First, the frames
are converted from 2D images to one-dimensional high-level feature vectors, using a 2D
convolutional network. The output feature vectors are then fed sequentially as inputs to

an RNN for video classification (Figure 2.4). This method follows the late fusion approach
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discussed in section 2.1. Baccouche et al. [59] first proposed this approach for human action
recognition, where it was applied on KTH, a small dataset of six actions.

Ng et al. [11] applied this architecture on bigger action recognition datasets [5,7] of 2-
minutes-long videos instead of short snippets to show that a combination of CNN and LSTM
is useful for learning global descriptions of the video’s long-term temporal evolution.

Long Short-Term Memory (LSTM) is a recurrent neural network first proposed in [60] to
overcome the vanishing gradient problem in traditional RNNs, which struggled to learn long
sequences. LSTM provides a solution by adding a memory cell and three gates to explicitly
have the recurrent unit learn when to forget or update its hidden state with new information.
Similar to convolutional layers, multiple LSTM units can be stacked on top of each other
to add more depth and levels of abstraction. For instance, Ng et al. [11] used five layers of
stacked LSTMs on top of pre-trained AlexNet. The softmax layer is connected to the top

LSTM layer instead of AlexNet. To classify a video, the softmax outputs across all frames

are averaged to get final probabilities of the action classes [13].

2.5.2 Convolutional GRU

Using high-level visual features as inputs to the RNN has the disadvantage of discarding
local motion information since these features, while being highly discriminative, have low
spatial resolution [61]. Moreover, top layer representations in the CNN are more translation-
invariant since they have passed through multiple max-pooling layers. The previous approach
tends to focus more on global appearance changes which is not always the case for actions in
videos where frame-to-frame variation is likely to be local and smooth. To capture fine motion
patterns, intermediate activation maps from the CNN might also have to be considered as
inputs to the RNN. For that purpose, Ballas et al. [61] proposed GRU-RCN, a novel RCN
architecture to address the weakness of the late fusion CNN+4+RNN approach. For clarity
and convenience, we refer to the GRU-RCN model as convolutional GRU (or ConvGRU for

short) as opposed to the standard fully-connected GRU.
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ConvGRU uses convolutional activation maps (referred to as percepts in [61]) from all
layers of a ConvNet (Figure 2.5). These maps represent different levels of feature abstractions
and spatial resolutions. However, applying a recurrent unit directly on these visual percepts
would result in a high number of input-to-hidden parameters due to the large convolutional

map size when flattened. ConvGRU solves this by using convolutions instead of full products.
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Figure 2.5: Feature maps from different layers of a 2D ConvNet are extracted from the frames to
be processed sequentially by ConvGRUs. A different frame is processed at every time step (left to
right). 2! represents the feature map for frame ¢ extracted from layer  in the ConvNet. Bottom-up
connections can be optionally added between ConvGRUs to form a Stacked ConvGRU [61].

The ConvGRU model uses Gated Recurrent Units (GRU) [62] as they have demonstrated
similar performance to LSTMs while requiring less memory [63]. The main concept behind
the ConvGRU model is to replace the fully connected linear products (i.e. matrix-vector
multiplication) in a standard GRU with convolution operations. This helps reduce the

number of parameters and enforces sparse connectivity as well as parameter sharing across
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different spatial locations and time steps. All gates, inputs, and hidden states in this model
are 3D tensors (Figure 2.5). To preserve the spatial dimensions of the hidden states, zero-
padded 3 x 3 convolutions are applied at every time step. Using a small convolutional kernel
of size k x k instead of fully connecting to the entire spatial grid of size N x N, reduces the
memory and computations by a factor of 11:7_22

The ConvGRU model in [61] is applied on five feature maps extracted from the second,
third, fourth, fifth pooling layers, and the penultimate fully connected layer (fc7) of pre-
trained VGG16 [14]. After the last time step, an average pooling is applied to the hidden
representations to reduce their spatial dimension to 1 x 1. The five feature vectors are then
passed into softmax classifiers (one classifier for each vector). The probabilities from these
classifiers are averaged to get the final prediction (Figure 2.5).

In the typical ConvGRU model, five units are independently applied to the convolutional
maps. Ballas et al. [61] have also investigated two other variants; Stacked ConvGRU and
bi-directional ConvGRU. Stacked ConvGRU adds an extra bottom-up connection across the
5 units, thus preconditioning each unit on the output of the one underneath at the current
time step. Bi-directional ConvGRU considers both the forward and reverse temporal orders
of the frames. In this case, the ConvGRU is run twice, in both directions, and the two final

hidden representations are concatenated before passing them into the classifiers.

2.5.3 Analysis
Strengths

+ The ConvGRU model proposes a new layer that performs convolution and recurrent oper-
ations at each time step and thus has the advantage of both shift-invariance and internal
state in one layer. Moreover, a convolutional GRU is more computationally and memory

efficient than a fully-connected GRU for spatiotemporal inputs.

+ Recurrent convolutional networks makes it possible to process arbitrary lengths of frames

in a video. A common practice for inference in 3D ConvNets is to trim the video into
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short clips of fixed size, then run the model on each clip and average the predictions [2].
RCNs eliminate the need for such practice since they do not use a kernel of fixed temporal

length like 3D convolution.

Weaknesses

- Although ConvGRU presents an elegant way of performing recurrent convolution, it is
not as competitive in practice. Its accuracy on the UCF-101 dataset is on par with the
VGG-16 baseline in [42] while consuming more memory and computations due to its
recurrent operations. Moreover, temporal ordering does not seem to be crucial for action
recognition datasets. For instance, using temporal max pooling, which is order invariant,
to temporally aggregate feature maps from the last convolutional layer yields an accuracy

within 1% of CNN+LSTM on UCF-101 and Sports-1M datasets [11].

- Training deep learning models often exploits the high parallelism of GPUs. However,
recurrent models are not suitable for parallel computations especially for long sequences
due to the recurrences at each layer which are inherently sequential. This drawback is one
of the motivations behind pursuing architectures without any sequential operations such

as 1-dimensional convolutions [64] or transformers [65].

2.6 Neural Networks with Visual Attention

Attention mechanism in neural networks has emerged as a valuable tool for language
modeling, making attention-based architecture (e.g., transformer) as the new de-facto stan-
dard for language processing tasks [65—07]. Attention mechanisms made their way first into
RNN encoder-decoder architectures for neural machine translation to overcome the limi-
tations of the fixed-length vector representation of a sentence given by the encoder’s last
hidden state [68], where information from time steps far away might not be well encoded.
By introducing attention to this model, the decoder outputs depend on a weighted combi-

nation of all hidden states from all time steps in the encoder. Incorporating attention also
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adds the advantage of interpretability to the model by visualizing the attention weights on
the inputs.

Although attention in neural networks was loosely inspired by the visual attention mecha-
nisms in the human eyes [69,70], its application in computer vision has not been as prominent
as in NLP due to the high effectiveness of convolutional neural networks for vision tasks.
Wang et al. [9] proposed non-local neural networks as a general approach where attention
mechanisms can be applied to visual data such as images and videos. While recurrent and
convolutional operations process a single local region at a time, non-local operations compute
the output as a weighted sum of features at all positions in the input. This allows the model
to directly capture long-range dependencies between features in non-local neighborhoods.
In this section, we describe the formulation of non-local operations and non-local blocks as

introduced by Wang et al. [9].

2.6.1 Non-local Operation

The non-local operation in [9] was inspired by the non-local means algorithm used for

image denoising [71]. A generic non-local operation is defined as:

Y= g S (6 )g(x). 2.)

where x and y are the input and output signals of the same size, respectively. i is the
index whose response is to be computed. j is the index that enumerates all positions in
spacetime. f is a pairwise function that returns a scalar representing a similarity measure
of two vectors. ¢ is a unary function that returns a representation of the input at index j.
C(x) is the normalization factor, usually set to be >y f(xi,%;).

The non-local operation distinguishes itself from a convolutional operation by considering
all positions in the inputs instead of a small region defined by a kernel size. While a fully-
connected layer does take into account all positions in an input, it is essentially different

from the non-local operation because the relationship between different positions in the
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input f(x;,x;) in a fully connected layer is not a function of the input data [9], but rather
a learned weight W of constant value.

Multiple instantiations were considered for f including:

fgaussian(xiaxj) = €x"ij; (2-2)

J embedded—gaussian(xia Xj) = Iy ), (2.3)
Faorprodues (i X;) = 0(x:)" p(x;), (2.4)
Feoncatenation (X, ;) = ReLU(w[0(x;), ¢(x;)]), (2.5)

where 0(x;) = Wyx; and ¢(x;) = Wyx; are set as embedding functions with Wy and W
being 1 x 1 x 1 convolutional kernels. Likewise, g can be set as an embedding function:
g(x;) = Wyx;, where W, is a 1 x 1 x 1 convolutional kernel, similar to W, and W.

Using the embedded Gaussian instantiation of f(x;,x;) makes Eq.(2.1) equivalent to the
self attention layer used in the transformer architecture [65]. In that sense, §(x;), ¢(x;), and
g(x;) compute the query, key, and value, respectively. The expression ﬁ fembedded-gaussian (Xi, X;)
computes a softmax function along the 5 dimension, similar to what is used in the self atten-
tion formula [65]. Therefore, self attention operation is a special case of non-local operations
when f(x;,x;) takes the embedded Gaussian form [9].

Wang et al. argued that using the softmax attentional behavior in action recognition
datasets was not essential and what mattered was the general non-local behavior provided
by f. To show that, the dot product and the concatenation instantiations of f(x;,x;) were

used to demonstrate close results to the embedded Gaussian version.

2.6.2 Non-local Block

Using the non-local operation defined in Eq.(2.1), a non-local block (Figure 2.6) that can

be inserted into any ConvNet architecture is defined as:
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where x; and y; are the input and output signals, respectively, as defined in Eq.(2.1). The
summation in Eq.(2.6) acts as a residual connection so that z; = x; when W, is initialized
to zero. As such, a pretrained model with one or more non-local blocks starts from the same

initial behavior during training as before inserting the blocks.

g
(1x1x1 conv)

W,y
y (TxHxWx1024)
Keys

(TxHxWx512)
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& O—
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Figure 2.6: Non-local block [9] with the embedded Gaussian version closely resembles a self
attention layer. The linear embedding functions 6, ¢, and g are used to compute the queries, keys,
and values from the input, respectively, as well as to reduce the number of channels from 1024 to
512 using 1 x 1x 1 convolutions. € denotes element-wise sum and ) denotes matrix multiplication.

Non-local operations are computationally intensive due to the pairwise computations,
especially for high dimensional inputs such as videos. The following three ways were proposed
in [9] to reduce the computations in non-local blocks.

High-level insertion. Inserting the non-local block in high-level layers where the feature
maps dimensions (H, W, and T') are relatively small.

Bottleneck design. Using Wy, Wy, and W, to reduce the number of channels by
half. W, which is 1 x 1 x 1 convolutional kernel can then be used to double the number of
channels after computing y; to match the number of channels in the input (x;) feature map

(Figure 2.6).

39



Subsampling. Performing spatial max-pooling operation after ¢ and g to make the
computation sparser without negating the non-local behavior.

Using the 2D and 3D Resnet architectures [12,45], Wang et al. [9] analyzed the effect
of inserting 1, 5, and 10 non-local blocks on the performance. These were inserted in late

intermediate residual blocks such as the third and fourth residual blocks.

2.6.3 Analysis

Strengths

+ The ablation studies elegantly show the consistent positive effect of inserting the non-local
blocks on the accuracy of 2D and 3D models. For instance, inserting 5 non-local blocks
into a baseline 2D ResNet-101 added a 2% improvement to the accuracy. In contrast,
inflating one kernel to 3 x 3 x 3 for every 2 residual blocks added 1% to the baseline
accuracy while consuming 50% more FLOPs and 25% more parameters than the model

with non-local blocks [9].

+ Using non-local operations with the embedded Gaussian form for f adds interpretability to
the model as we can visualize the locations in the input with the highest softmax weights.
In the case of videos, this could help debug and understand the influence of other time

steps on a certain time step.

Weaknesses

- Unlike convolutional layers, which process one local neighborhood at a time, non-local
operations consider all positions in the input. As a result, the computational complexity
of a non-local operation is quadratic in terms of its input length, similar to a self-attention
layer in transformers [65]. A more practical and computationally efficient solution is to
attend to patches of pixels instead of individual pixels as applied in the Vision Transformer

(ViT) [72].
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- Unlike recurrent layers, non-local operations do not encode the temporal ordering of the
input. To address this, positional encoding [65] can be incorporated when the temporal

ordering of frames is important, such as in complex gestures or sign language recognition.

2.7 Related Implementations

Besides the model architectures, training and testing methodology can affect the perfor-
mance and results significantly. In this section, we describe common aspects of training and

testing deep learning models on video data.

2.7.1 Training

At each iteration, a batch of videos is sampled from the training set. Then a short clip
is sampled, both temporally and spatially, from each video in the batch. We outline the
relevant aspects of this training process below.

Temporal sampling is implemented by randomly selecting a segment of 10 frames [7,61],
or 64 frames and dropping every other frame [9,49]. This sampled segment from a video is
usually referred to as a clip.

Spatial sampling is performed first by rescaling the clip spatially so that the shorter
side has 256 pixels [2, 14] or a random value in the range of [256, 320] pixels [9, 49|, while
keeping the original aspect ratio the same. Then, a sub-image of size 224 x 224 pixels is
randomly cropped at the same position from all the frames in the clip. The final input to
the model is a clip of size 224 x 224 x T where T' is the number of frames in the clip.

Data augmentation is a preventative measure against overfitting [38]. Spatial and
temporal sampling are already forms of data augmentation. Additional methods such as
random horizontal flipping and RGB jittering are usually used alongside spatial/temporal
sampling to further reduce the effects of overfitting.

Mini-batch stochastic gradient descent (SGD), with momentum set to 0.9, is a
widely used algorithm for optimizing the weights of neural networks. We notice that op-

timization methods with adaptive learning rates such as Adam [73] have not been fully
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exploited in action recognition tasks. We suggest examining whether using Adam instead of
SGD for such tasks provides an advantage in terms of speed and/or accuracy.

The learning rate is a hyperparameter that is initially set based on the validation
set. This value is decayed during training by some factor either according to a certain
schedule [9,14,49], or whenever the validation error saturates [2,7]. The training is stopped

after a preset number of epochs is reached.

2.7.2 Testing (Inference)

To predict the action class of unseen video in the testing set, a common practice is to
temporally sample 10 evenly spaced clips from the whole video. These clips are spatially
rescaled so that their shorter side is 256 pixels. Then, a fully-convolutional inference is
performed on each clip and the softmax scores from all clips are averaged to get a video-level
prediction [2].

Alternatively, five sub-volumes of size 224 x 224 x T are taken from the four corners and
the center along with their horizontal flips to obtain 10 inputs per clip. In this case, the
final video prediction is obtained by averaging the softmax scores across the clips and their

10 sub-volumes [61].

2.8 Conclusion

In this literature review, we summarized, compared, and evaluated different deep learning
paradigms for action recognition in videos, including 2D and 3D ConvNets, recurrent convo-
lutional networks, non-local operations that generalize attention mechanisms for videos, and
two-stream networks with one or two modalities. Our analysis considers the trade-off between
accuracy improvement over the 2D baseline and the additional computational cost. Notably,
3D convolutional models showed limited gains over their 2D counterparts [7,9], and 2D convo-
lutional models with late fusion via RNN offered insignificant improvement over pooling [11].

A possible reason for these modest gains is that action recognition datasets [5—8| often have
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actions that can be inferred from spatial cues, such as objects or background, which provide
a stronger signal than motion patterns. In subsequent chapters, we examine the impact of
slow fusion compared to late fusion on isolated sign language recognition (SLR) datasets.
Isolated SLR can be viewed as a subcategory of action recognition with more sensitivity to
motion patterns, thus providing a more rigorous testbed for spatiotemporal models.
Besides model architectures, two approaches have notably resulted in significant improve-
ments: incorporating additional stream and transfer learning. Optical flow has been utilized
in two-stream networks [2,12—14] where one stream captures “appearance” features while the
other is claimed to capture “motion” features. Although this construction has resulted in
significant improvement over a single stream baseline, it is not evident that motion patterns
are better learned due to the optical flow input rather than the slow fusion aspect of 3D
ConvNets. As seen in the SlowFast network [19], improvements can also be acheived with
two pathways and a single modality (RGB). Therefore, the improvements in both approaches
were likely due to the ensemble effect, regardless of input modality. Systematic evaluations
of two- and three-stream combinations using RGB, optical flow, and skeleton data for sign
language recognition should provide better insights into the best combination. Since transfer
learning has been highly effective in improving accuracy for action recognition [2,14], this
technique will be further developed and analyzed in later chapters using transfer learning

from other action and isolated sign recognition datasets.
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Chapter 3
Methods

This chapter is organized as follows. Section 3.1 presents an overview of the multi-stream
framework and outlines the plan to address the research questions. Sections 3.2, 3.3, and 3.4
provide the design details of the individual models in this framework, including those with
RGB, optical flow, and skeleton inputs, respectively. The implementation details for the
training and inference pipelines, along with strategies for acceleration them, are covered in
Sections 3.5, 3.6, 3.7, and 3.8. In Section 3.9, several stream fusion methods are proposed

and evaluated.

3.1 Multi-Stream Framework

The purpose of the multi-stream framework is to establish a conceptual structure for
evaluating and comparing all possible combinations of streams using the same or different

input modalities. We define the following properties for the multi-stream framework.

e Single input source. RGB is the only input source for all the streams in this frame-
work, from which optical flow and skeleton data are extracted (Figure 3.1). This
framework does not rely on additional hardware, such as a second RGB or depth

camera.

e Multi-modal streams. We systematically evaluate distinct models trained on three
input modalities: RGB, optical flow, or skeleton. We refer to models trained directly
on the RGB input as raw-RGB models, or simply RGB models. Models trained on
the optical flow are referred to as optical flow models, and those on skeleton data as
skeleton models. We use the term “stream” interchangeably with "model” to refer to

a model that is part of a multi-stream network.
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Figure 3.1: The Multi-Stream Framework. Two convolutional models (ResNet and Inception) process the raw RGB input clip, and a
similar Inception model operates on the optical flow extracted using RAFT. A skeleton-based model (e.g., RNN, Transformer Encoder,

or ST-GCN) operates on the extracted skeleton data of the body and hands. Various combinations of streams and fusion strategies are
evaluated.
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e Single output prediction. The output features or predictions of different streams
in the framework are fused to produce a single prediction for the label (class) of the
sign performed in the input video. Stream fusion methods should not be confused with

temporal fusion methods within a single model, such as late or slow fusion.

Our plan to address the research questions presented in Chapter 1 is as follows.

First Phase

We construct, train, evaluate, analyze, and compare the following individual models.

1. RGB models: These includes slow fusion models (ResNet3D and Inception3D) and
late fusion models (ResNet2D18, ResNet2D18+GRU, and ResNet2D50) to assess the

significance of 3D ConvNet over 2D ConvNet for sign language recognition.
2. Optical flow model: An Inception3D model adapted for optical flow input.

3. Skeleton models: These include recurrent neural network (GRU), Transformer En-

coder, and Graph Convolutional Network (GCN).

This chapter provides the design and training details for the aforementioned models. Their

test results and comparative analysis are presented in Chapter 4 (Results and Analysis).

Second Phase

1. Model Selection: Based on the validation results in the first phase, we select the
best-performing model from each input modality. For RGB, we choose two models so
that we can establish a two-stream unimodal baseline. In total, four models will be

selected.

2. Stream Combination Evaluation: Using the four selected models, we evaluate all
possible combinations of: two streams (‘Cy = 6), three streams (*C3 = 4), and all four

streams combined.
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All aspects of the second phase are covered in Chapter 4, as they focus on results. However,
we include our proposed stream fusion methods at the end of this chapter to determine the

best approach for combining outputs from multiple streams.

3.2 Raw RGB Models

Deep convolutional neural networks have shown to be very successful for large-scale image
recognition [38,44-46]. In Chapter 2, we reviewed and compared several 3D convolutional
models for action recognition in videos, including C3D [1] which is based on VGG architecture
[44], and I3D [2], which is an inflated version of Inception2D [47]. For our RGB models, we
use convolutional neural networks with ResNet and Inception backbones. The details of

these architectures and our modifications are provided in the following sections.

3.2.1 ResNet Backbone

Residual neural networks (ResNet) utilize skip connections to enable the gradient to flow
more easily through the network. This design addresses the degradation problem, where the
training accuracy degrades as the depth of the neural network increases [45]. Moreover, it
creates a smoother loss landscape [74] and helps mitigate the vanishing gradient problem
during backpropagation, all of which contribute to better optimization. The simplest version
of ResNet (ResNet-18) has 18 layers, which are structured into eight residual blocks. Each
residual block consists of two convolutional layers and a skip (shortcut) connection between
the input and the output of the residual block (Figure 3.2 b). The residual block is expressed
mathematically as follows:

H(z)=Wyxo(Wy*xzx)+x (3.1)

where z is the input to the block, o is the activation function (ReLU), W7 and W, are
the weights of the two convolutional layers, and % denotes the convolution operation. If the
weights W7 and W, are zero, then H(x) = x represents the identity mapping where the block

is effectively skipped. In other words, the residual block learns the difference (or residual)
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between the input and the output, which is often simpler to learn than mapping the input
directly to the output. The number of feature maps (channels) in ResNet-18 is doubled every
two residual blocks while their spatial dimensions are halved. This design enables the network

to learn more complex features at deeper layers and reduce computational bottlenecks.

Video —» : ‘ |
(64 frames) block

— Prediction

(a) Inflated ResNet-18 (R3D)

(b) Inside R3D Residual Block

Figure 3.2: Inflated ResNet-18 (R3D) architecture. The number of filters in each residual block
doubles every two blocks. All kernels in the original ResNet-18 2D model [45] are inflated into 3D
by adding a temporal dimension (denoted in yellow).

To establish a 2D convolutional network baseline, we modify the ResNet-18 architecture
for video input by adding a third dimension of size 1 to all 2D convolutional kernels. This
way, 2D convolutions are performed on each frame individually, but not across time. Global
average pooling—across both space and time—is applied at the end before the classification
layer. We refer to this variant as R2D18 and pretrain it on the Kinetics dataset (Figure 3.3a).
Additionally, we develop another variant, referred to as R2D184+GRU, where instead of

global average pooling, the outputs from ResNet are fed directly into a GRU layer of 512
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hidden units to match the channel dimension of the penultimate layer in ResNet. The final
outputs from the GRU are averaged across time before being fed into the classification layer
(Figure 3.3b).

A deeper version of ResNet (ResNet-50) has 50 layers structured into 16 residual blocks.
Each residual block in ResNet-50 consists of a 1 x 1 convolution to reduce the number of
channels, followed by a 3 x 3 convolution to process the spatial features, and then a 1 x 1
convolution to restore the number of channels. This design reduces the computational cost
of the 3 x 3 convolution operations across the 50 layers. We use a 2D version adapted for
video by Wang et al. [9], as it is pretrained on the Kinetics dataset. We refer to this 2D
variant as R2D50. Similar to R2D18, all kernels in R2D50 have a temporal dimension of
size 1 (i.e. no convolution across time) and a global average pooling is applied at the end
(Figure 3.3c). However, max pooling across time is applied after the fourth layer in R2D50
to reduce computation and memory.

A 3D adaptation of ResNet18 (referred to as R3D18) inflates the 3 x 3 convolutional
kernels into 3 x 3 x 3 across all layers (Figures 3.2 and 3.3d). R3D18 represents a slow
fusion model where temporal features are slowly integrated through its convolutional layers.
In contrast, R2D18, R2D18+GRU, and R2D50 represent late fusion models where temporal
features are integrated after the last layer, either by averaging (e.g., R2D18, R2D50) or a
recurrent layer (R2D18+GRU). We modify the classification layer for all four models in the

following three ways.
1. The number of outputs is changed to match the number of classes in the sign dataset.

2. The weights of the classification layer are initialized using Xavier normal distribution

[75], and the biases are initialized to zero.

3. We apply Dropout [76] just before the classification layer to randomly drop some
output features with a probability of p. This serves as a regularization technique

during training to mitigate overfitting. We set the dropout probability to p = 0.5 for

49



R2D50 and p = 0.2 for R2D18, R2D18+GRU, and R3D18, because the 50-layer model

outputs 2048 features, whereas the others output 512 features.

(a) R2D18 (b) R2D50 (c) R2D18+GRU (d) R3D18

Figure 3.3: The four constructed ResNet variants. (a), (b), and (c) are 2D ConvNets with late
fusion of features across time. (d) is a 3D ConvNet (slow fusion).

3.2.2 Inception Backbone

In addition to ResNet-based models, we use the Inception-based 3D convolutional neural
network (referred to as 13D) for two reasons. First, I3D is significantly less computationally
intensive than R3D18 because it performs more aggressive downsampling of spatiotemporal
features in its stem and early layers compared to R3D18. Second, I3D [2] offers pretrained
weights for both RGB and optical flow inputs from the Kinetics dataset, whereas R3D18
provides pretrained weights for RGB inputs only. For a fair comparison between optical flow

and RGB models, we use the same architecture (inception) and corresponding pretraining.
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The original Inception network [16] is a 2D convolutional neural network composed of
nine inception blocks. Each block processes the input through parallel paths that apply
convolutional filters of different sizes and max pooling operation, then concatenates their
outputs across the channel dimension (Figure 3.4 b). Unlike architectures such as VGG and
ResNet, which utilize uniform 3 x 3 convolutions across all layers, the inception architecture
is designed to learn features at multiple scales using 1, 3 x 3, and 5 x 5 convolutions. This
eliminates the need to manually decide the optimal scale. To lower the computational cost
of the inception block, a 1 x 1 convolution is applied before the 3 x 3 and 5 x 5 convolutions

to reduce the number of channels.

Video
(64 frames)

Prediction

(a) Inflated Inception Network (13D}

Concatenate

T

(b) Inside 13D Inception Block (Module) SiSveustayer

Figure 3.4: Inflated Inception 3D (I3D) architecture [2]. The numbers denoted in yellow are
inflated to perform convolution or pooling across time.
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Inception 3D (I3D) is the 3D adaptation of Inception 2D architecture. All 2D convolu-
tional kernels and max-pooling are ‘inflated’ into 3D kernels (Figure 3.4). This is achieved
by adding a third dimension of the same size as the first two. For instance, a 3 x 3 kernel
becomes 3 x 3 x 3 and a 1 x 1 kernel becomes 1 x 1 x 1. While I3D was originally developed in
TensorFlow, we use the PyTorch implementation and the pretrained weight imported from
TensorFow [77]. We apply the three modifications as described in Section 3.2.1 to adapt
the I3D architecture for sign datasets. Since the I3D model outputs 1024 features, we set a
dropout probability of p = 0.5 before the classification layer as we find this value to work
well on the validation set.

Besides ResNet and Inception convolutional architectures, we also explored architectures
that employ spatiotemporal separable convolutions such as S3D [3], or depthwise separable
convolutions such as ConvNeXt [78]. However, separable convolutions require more memory

and did not improve the accuracy relative to ResNet and Inception in our experiments.

3.3 Optical Flow Model

There are two stages within the optical flow model: (i) extracting the optical flow from
the original RGB input frames, and (ii) training a convolutional neural network (I3D) to
classify the sign based on the extracted optical flow (Figure 3.1). The description of each

stage is as follows.

First Stage

An optical flow between two image frames represents the apparent motion of individual
pixels from one frame to the next. More details about the optical flow field and the stacking
methods were provided in two-stream networks in Chapter 2 (Section 2.4.1). The methods
for extracting optical flow can be broadly classified into two categories: analytical (classical)
algorithms and machine learning-based methods. Among classical mehods, TV-L1 algorithm

has been widely used in state-of-the-art approaches for action and sign recognition [2, 14, 79].
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It is an optimization algorithm based on variational methods that solves a mathematical
energy minimization problem to estimate motion between frames [53].

We adopt a neural network-based approach for extracting optical flow using Recurrent
All-Pairs Field Transforms (RAFT) [56]. RAFT uses a ConvGRU unit (discussed in Chap-
ter 2, Section 2.5.2) to iteratively refine the optical flow estimation. At each iteration, the
ConvGRU unit receives the concatenation of three inputs: (i) the correlation features be-
tween two images, (ii) the context features from the first image, and (iii) the current optical
flow estimate. The correlation volume and context features are computed once at the be-
ginning, while the current optical flow estimate is iteratively updated and used to lookup
and sample local features from the correlation volume for each point. At each iteration, the
ConvGRU outputs an updated hidden state, which is then used to estimate the adjustment
to the current optical flow estimate. To reduce computational cost during the iterations, the
features and optical flow are computed at a downsampled resolution, and the final optical
flow is upsampled to match the original input resolution. To extract optical flow from a
video, we apply this process between every two consecutive frames.

Figure 3.5 shows the optical flow extracted by large RAFT, small RAFT, and TV-L1
for a sample frame. The large RAFT model produces significantly more accurate optical
flow compared to the small RAFT and TV-L1. However, this improved accuracy comes at

a higher computational cost.

Original RGB Frame Flow Extracted by Large-RAFT

Flow Extracted by Small-RAFT Flow Extracted by TV-L1

~)

Figure 3.5: Comparison of the optical flow quality extracted by the large RAFT, small RAFT,
and TV-L1 from a sample RGB input.
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To estimate the computational cost of RAFT, we used FlopCountAnalysis function pro-
vided by the fvcore library [80]. For an input video with 64 frames and 256 x 256 spatial size,
the large RAFT uses 3.3 TFLOPs while the small RAFT uses 740 GFLOPs. To quantify the
inference speed of these methods, we benchmarked their performance on an NVIDIA RTX
3090 GPU. The large RAFT achieved 36 FPS, while the small RAFT achieved 45 FPS. On
a CPU, the frame rates were significantly lower: the large and small RAFTs achieved 3 FPS
and 8 FPS, respectively, and TV-L1 achieved about 3 FPS. Despite the higher computational
cost of the large RAFT, we adopt it in the first stage of our optical flow pipeline so that
our conclusion about using optical flow in sign language recognition is based on a best-case
scenario of high-quality optical flow.

The large RAFT model we use in the first stage was pretrained by the authors on the
FlyingChairs and FlyingThings datasets and finetuned on Sintel, KittiFlow, and HD1K
datasets [56]. During training on sign recognition datasets, we keep the RAFT model’s

weights frozen and update only the weights of the model in the second stage.

Second Stage

In the second stage, the optical flow extracted from every two consecutive frames (by
large RAFT) is fed into an inception-based 3D convolutional neural network (I3D) for sign
prediction. The I3D model we use for the optical flow input is identical to the one used
for RGB input, as described in Section 3.2.2) with two key distinctions: (i) the first layer
of this model expects an input with two channels, representing the horizontal and vertical
components of the optical flow field, instead of three channels for RGB colors, and (ii) this
model is initialized with weights pretrained on the optical flow of the Kinetics dataset. All
other aspects and modifications mentioned in Section 3.2.2 such as dropout remain the same.
To differentiate between the I3D model with RGB input and the I3D model with optical

flow input, we refer to the latter as F3D throughout this document.
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3.4 Skeleton Models

Skeleton data represents the set of keypoints (joints) and connections (bones) in the
human body. There are two stages within a skeleton model: (i) extracting the skeleton from
the RGB input frames, and (ii) training a model to classify the sign based on the extracted

skeleton data (Figure 3.1). The description of each stage is as follows.

First Stage

Pose estimation refers to the process of extracting the coordinates of body keypoints
from visual input, which can serve as the first stage in an action recognition pipeline. Pose
estimation typically detects key landmarks on the human body, such as shoulders, elbows,
wrists, lips, and eyes, which are critical for sign recognition. However, sign recognition is a
fine-grained classification problem that depends heavily on hand configuration, orientation,
and location. Therefore, in addition to body landmarks, the keypoints of both hands must
be included in the skeleton data used for sign recognition. Figure 3.6 illustrates the body

and hand landmarks extracted by MediaPipe’s pose and hand modules, respectively.
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Figure 3.6: Body and hand landmarks as defined by MediaPipe’s pose and hands modules,
respectively. Source: [81,82].
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We use MediaPipe to extract the skeleton data because it is designed for real-time use on
mobile devices. While more computationally expensive alternatives like HRNet [33] provide
more accurate skeleton estimation, we chose MediaPipe for its real time performance. In
contrast to the optical flow model, where we opted for a more accurate but resource-intensive
method (large RAFT) in the first stage, we prioritized a lightweight approach for skeleton
extraction to demonstrate that, despite this trade-off, skeleton-based sign recognition still
outperforms the optical flow model in both single- and multi-stream frameworks.

We use two modules in MediaPipe: the pose module which extracts 33 body keypoints
(Figure 3.6 a), and the hands module which extracts 21 keypoints from each hand (Fig-
ure 3.6 b). MediaPipe’s pose module is based on BlazePose [$1] which utilizes an encoder-
decoder network to predict pose heatmaps, followed by another regression encoder network
to estimate the coordinates of body keypoints. MediaPipe’s hands module [35] is based
on convolutional pose machines [20,83], which use a multi-stage refinement process. In its
first stage, it predicts initial heatmaps for each hand keypoint. In subsequent stages, these
predictions are refined using the heatmaps from the previous stage and extracted image
features.

Out of the 33 body keypoints shown in Figure 3.6 a, we select the points corresponding
to the nose (0), eyes (2 and 5), mouth (9 and 10), shoulders (11 and 12), and elbows (13
and 14). We omit the keypoints from the lower body (e.g. knees and feet) as they are not
relevant for sign recognition. From the 21 hand keypoints in Figure 3.6 b, we select the wrist
(0), the bases of the five fingers (1, 5, 9, 13, and 17) and the tips of the five fingers (4, 8, 12,
16, 20) on both hands. In total, we utilize 31 keypoints for skeleton-based sign recognition.

In addition to the selected keypoints, we also define connections between them to follow
a tree structure resembling the connectivity of the human skeleton, with few exceptions.
We consider the nose to be the root node, which is connected to six nodes: two for the

eyes, two for the mouth, and two for the shoulders. Each shoulder joint is connected to the
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corresponding elbow, which is then connected to the wrist. Each wrist is connected to the
five finger bases of the same hand, which in turn are connected to the respective finger tips.

We represent the skeleton input to the second stage using five channels. The first and
second channels correspond to the x and y coordinates of the 31 keypoints, respectively. The
third and fourth channels correspond to the horizontal and vertical distances, respectively,
of each connection between connected keypoints as described above. Specifically, for a con-
nection between keypoints i and ¢ + 1, the horizontal distance is given by (z;.1—;), and the
vertical distance is given by (y;411 — ;). If a keypoint is not detected—either due to a false
negative by MediaPipe or because the keypoint is out of the frame—we set its coordinates
(x,y) to (0,0). To differentiate between (0,0) as a valid coordinate and as a placeholder for
failed detection, we introduce a fifth channel to encode detection reliability using a binary
flag. A value of 1 in the fifth channel indicates to the model in the second stage that the
keypoint was successfully detected, while a value of 0 indicates a failed detection.

In summary, the skeleton input fed into the second stage consists of 31 keypoints for
each frame in the video, with each keypoint represented by five values: the x-coordinate, the
y-coordinate, the horizontal distance to the next keypoint, the vertical distance to the next
keypoint, and the binary detection flag.

For the second stage of the skeleton model, we construct and evaluate three different archi-
tectures: recurrent neural network, transformer encoder, and graph convolutional network.

The details of these models are provided in Sections 3.4.1, 3.4.2, and 3.4.3, respectively.

3.4.1 Recurrent Neural Network

Recurrent neural networks (RNNs) are a natural choice for skeleton-based sign language
recognition due to the sequential nature of video frames. Gated Recurrent Unit (GRU) [63]
and Long Short-Term Memory LSTM [60] are the most commonly used RNN variants that

address the limitations of vanilla RNNs, such as vanishing or exploding gradients. We briefly
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experimented with both GRU and LSTM and found that GRU achieves comparable accuracy
to LSTM while having a simpler architecture and better computational efficiency.

Let the input x; be a vector formed by concatenating the coordinates of all 31 keypoints
extracted from frame t. We apply layer normalization on x; to normalize across its features
(channels) before passing it into the GRU unit. At each time step, the GRU unit computes
the hidden state h; as a function of the current input x; and the previous hidden state h;_;.
The final output is obtained by averaging all hidden states across time and feeding the result
into a fully connected layer for classification.

We experimented with several hyperparameters of the GRU model, including the size
of the hidden state, the number of recurrent layers, and the dropout probability. For the
hidden state, we tried sizes of 64, 128, 256, and 512 units. We selected 512 units since no
noticeable improvement in validation accuracy was observed beyond this size. We followed
a similar process to set the GRU with three recurrent layers and a dropout probability of
0.5 before the classification layer. Additionally, we experimented with a bidirectional GRU

variant but it did not improve the accuracy.

3.4.2 Transformer Encoder

The transformer architecture, proposed by Vaswani et al. [65], addresses several limita-
tions in RNNs. Unlike RNNs which are inherently sequential, transformers process all tokens
in a sequence simultaneously, making them highly parallelizable. Moreover, transformers
capture long-range dependencies more effectively due to the self-attention mechanism which
enables the model to directly attend to any part of the input sequence, regardless of the
distance. Transformers are more scalable making them better suited for constructing large
language models (LLMs) [66,67].

The transformer encoder model we use consists of several blocks, each containing a multi-
head self-attention mechanism followed by a fully-connected layer (FC), along with residual

connections and layer normalization (Figure 3.7). In contrast to word embeddings, where
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the representation of a token is fixed, the self-attention mechanism introduces contextual
embeddings where the representation of a token changes dynamically depending on its sur-
rounding context. During training, the model learns the query, key, and value functions for
the input sequence, such that the dot product between a query and a key determines the

amount of attention assigned to the value associated with that key, as follows:

Attention(Q, K, V) = Softmaz(QK")V (3.2)

where the queries Q = XW,, keys K = XW},, and values V' = XW,, are computed from the
input sequence X, and W,, Wy, W, are learnable weight matrices. The Softmax function
is used to normalize the computed attention scores QK. The output of the self-attention
layer at a time step t is a weighted sum of the values across all time steps, where the weights

are determined by the similarity between the query at time ¢ and all keys in the sequence.
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Transformer Encoder Block (repeated 3 times)

Figure 3.7: Transformer encoder architecture for skeleton data, based on [65]. FC stands for
fully-connected (linear) layer and LN for layer normalization.

Each token in the input represents the skeleton data for a single frame, which consists of 31
keypoints each with 5 channels resulting in 155 values. We first project the input dimension

from 155 to 512 using a fully connected layer, which is then passed through the transformer
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encoder. The final output is obtained by averaging the token representations from the last
layer across time and feeding the result into a fully connected layer for classification.

Based on the model’s performance on the validation set, we selected the following hyper-
parameters: a feature dimension of d = 512, a dropout probability of 0.1, four self-attention
heads, and three encoder blocks. We briefly experimented with positional encoding, as de-
scribed in [65], to encode the ordering of the frames in the skeleton input but it did not

improve the model’s accuracy for sign recognition.

3.4.3 Graph Convolutional Network

Graph convolutional networks (GCNs) are a well-suited architecture for skeleton-based
sign language recognition because they enable the use of prior knowledge about the skeleton
structure by representing it as a graph, where joints are represented as nodes and bones
as edges connecting these nodes. In contrast, RNNs and the transformer encoder process
the skeleton data as a flattened input, where each frame is represented as a bag of features
consisting of 155 values (31 keypoints x 5 channels).

Graph convolutional network (GCNs) [84] extend the concept of convolution, which is
highly effective for grid-structured data such as images, to graph-structured data. However,
a standard GCN operates on a static graph, where the relationships between nodes (e.g.
distance) do not change over time. The Spatio-Temporal GCN (ST-GCN) [85] addresses
this limitation by incorporating both spatial edges between nodes within a frame and tem-
poral edges connecting the same node across frames (Figure 3.8). We chose the ST-GCN
architecture as it is a better fit for the sequential and graph-like nature of the skeleton data.
In this document, we use GCN to refer to ST-GCN for brevity, unless stated otherwise.

ST-GCN consists of 10 layers, each performing spatial and temporal convolutions on
the graph. In spatial convolution, the feature representation of each node is updated by

aggregating information from its neighbors in the same frame.
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Graph representation for a ”band-aid” sign (class #210) - hand joints are somethimes not detected (false negative)

Figure 3.8: Visualizations of the spatiotemporal graph representation of skeleton data. The spatial edges (blue) connect different joints
within each frame, while the temporal edges (red) connect each joint to itself across frames.

61



Following the implementation in [85, 86], this update operation can be reformulated as

follows:

K
) = o (Z (A.D;Y) o B HOWY ) (3.3)
1

In this equation:

H® ¢ RN*4 ig the input node feature matrix at layer [, where N is the number of

nodes, and d; is the input feature dimension.

HD ¢ RN*¥di js the updated node feature matrix at layer [ + 1, where dj44 is the

output feature dimension.

A € RV*N ig the adjacency matrix for partition k, normalized using the degree matrix

D), € RV*N to ensure that the sum of all incoming edges for each node equals 1.

E,il) € RV*N is the learnable edge importance matrix used to weight the significance

of each edge in the graph since not all edges are equally important.
W,gl) € R%*di+1 i the learnable weight matrix for partition k at layer [.
o is the activation function (ReLU).

® denotes element-wise product.

Partitioning a graph for spatial convolution in Eq 3.3 involves dividing its nodes into

K subsets (partitions), where each partition is associated with its own weight Wj. This

approach addresses the irregular structure of graphs, where nodes can vary in both the

number and arrangement of their neighbors, unlike the uniform and regular grid structure

of images. We adopt the spatial partitioning strategy as proposed by [35] to divide the

graph into three partitions (K = 3): i) the node itself, ii) neighboring nodes closer to the

skeleton’s gravity center than the node, and iii) neighboring nodes further from the gravity

center than the node. We define the skeleton’s gravity center as the nose’s coordinate. We

also experimented with alternative partitioning strategies but observed suboptimal results.
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While spatial convolution is applied independently to each frame’s skeleton to capture
spatial relationships, temporal convolution is performed subsequently to integrate informa-
tion across frames and capture motion. In temporal convolution, the feature representation
of each node is updated by aggregating information from the same node in neighboring

frames using a 1D convolution as follows:
ZWH) = ConvlD (Z(l), Wtemporal) (3.4)

In this equation:

o ZW ¢ RT*Nxdi ig the input node feature matrix at layer [, representing the output of
the spatial convolution H*Y across all frames. Here, T is the number of time steps

(i.e. frames), N is the number of nodes, and d; is the input feature dimension.

o ZUHD) ¢ RT'*Nxd ig the updated node feature matrix after convolution, where 7" is

the number of output time steps.

® Wiemporal € R#t*d*di j5 the learnable weight matrix for the temporal convolution, where

s; is the temporal kernel size.

Setting s; = 1 limits the temporal receptive field to a single frame, effectively eliminating
convolution across time — equivalent to removing the red links in Figure 3.8 between each
node and itself in the next frame. We set the temporal kernel size s; = 9 to provide a large
enough window for aggregating information from neighboring frames. In each spatiotemporal
layer of the ST-GCN, a dropout probability of 0.5 is applied to the output of the temporal
convolution, and a residual connection is added by summing the input with the output,
followed by a ReLU activation. The final output of the ST-GCN model is obtained by
averaging the 256 features from the last layer across all nodes and time steps and then

feeding the result into a fully connected layer for sign classification.
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3.5 Training Pipeline for RGB and Flow Models

The details of the training pipeline described in this section apply to the RGB models,
including I3D and the four variants of Resnet: R2D18, R2D18+GRU, R2D50, R3D18, and
to the second stage of the optical flow model (F3D). While the training process generally

follows similar steps, specific differences for datasets will be highlighted in context.

3.5.1 Loading and Resizing Frames

Video files selected in the mini-batch are first loaded from the disk using the Decord video
reader [87], as it is faster than OpenCV. All frames in the video are resized to a fixed size of
256 x 256 pixels for WL-ASL and MS-ASL datasets. Since all videos in AUTSL are of the
same size, 512 x 512 pixels, they are loaded with the original resolution. We experimented

with lowering this loading resolution, but that negatively affected the classification accuracy.

3.5.2 Data Augmentation

All loaded video files are randomly cropped both temporally and spatially. For temporal
cropping, only 64 consecutive frames are randomly sampled from each video, which is close
to the average number of frames per video in the datasets. There are two cases: if the
number of frames in the video is 64 or more, the starting frame ¢; is uniformly sampled from
the range [0, nframes - 64], where nframes is the total number of frames in the video. If the
video has fewer than 64 frames, we experimented with three strategies: filling the difference
with frames of zeros, filling the difference by repeating the last frame of the video, or looping
the video from the start until there are 64 frames. We found the third strategy to work
slightly better in most cases. This choice also aligns with the observation that many signers
in longer videos tend to repeat their signs more than once.

After the frames in the video have been selected and resized, we apply a random spatial
cropping. For MS-ASL and WL-ASL datasets, a random crop of size 224 x 224 pixels is

uniformly sampled from the loaded 256 x 256 video. This covers about 76% of the resized
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frame which is sufficient to capture at least part of the hands and face (Figure 3.9a). It also
matches the expected input size for the original 2D ResNet and Inception models developed
for the ImageNet dataset, from which the inflated 3D versions were developed.

For videos in the AUTSL dataset, a spatial crop of size 256 x 256 pixels is sampled from
the original 512 x 512 video. Since this crop size covers only 25% of the frame, there is a risk
the model might learn features unrelated to the sign in the video, such as the background
elements, especially if the random crop occurred near the edges. To address this, other
approaches use a bounding box extracted by a pose detector to crop a 256 x 256 region that
covers the signer’s face and hands [38]. However, for the purpose of this dataset, we believe
this adds unnecessary computational overhead to the RGB pipeline, as an additional neural

network is required to process the raw RGB input.

(a) A 224 x 224 crop sampled uniformly from (b) A 256 x 256 crop sampled with a normal
256 x 256 resized frame distribution from 512 x 512 frame

Figure 3.9: Random cropping strategies used for data augmentation in training. (a) Applied to
MSASL and WLASL datasets. (b) Applied to the AUTSL dataset.

We propose a solution that avoids computing bounding boxes based on the observation
that recorded signers typically perform their signs in the center of the frame. Therefore,

instead of sampling the 256 x 256 crop uniformly from the 512 x 512 region, our solution
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samples X and Y coordinates of the upper left corner of the crop from a truncated normal
distribution with a narrow standard deviation to ensure most of the sampled crops are closer

to the center than the edges (Figure 3.9b). This is expressed mathematically as follows:

X =128 + 64 - clip(N(0,0.5), —2,2) (3.5)
Y =128 + 64 - clip(N(0,0.5), -2, 2) (3.6)

where N (0,0.5) represents a normal distribution with a mean of 0 and a standard deviation
of 0.5. The clip function truncates random values beyond -2 and 2 to ensure the frame edges
are not crossed. The result is scaled by 64 and shifted by 128 to obtain pixel coordinates
within the [0, 256] range.

As a final step in the data augmentation, frames in the crop are flipped horizontally with
a 0.5 probability for MS-ASL and WL-ASL datasets, as signs can be performed with either
hand. We reduce this probability to 0.25 for AUTSL, since only 2 out of 43 signers are
left-handed [28].

3.5.3 Batch Size and Normalization

After the crops are sampled from files selected for the minibatch, the batch loader groups
them together into a single five-dimensional array of size (N, T, H, W, C), where N is the
batch size, T=64 is the clip length (i.e., the number of frames), H=256 is the crop height,
W=256 is the crop width, and C is the number of channels (3 for RGB or 2 for flow).

In our experimentation, we found that the batch size must be chosen carefully, especially
for unbalanced datasets such as WLASL and MSASL, as it can significantly impact the
generalization accuracy. We observe that small batch sizes yield much better generalization
accuracy with a wide margin. Our hypothesis is that in an unbalanced dataset, minority

classes are harder to learn in a large batch size since the batch is more likely to be dominated
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by majority classes. On the other hand, using a small batch size for AUTSL was not as helpful
since it is a balanced dataset.

Each batch is normalized before being passed into the model with the mean and standard
deviation of the dataset used for pretraining the model. For RGB models, we use the
following mean g and standard deviation ¢ from ImageNet to normalize the three input
channels:

pu = [0.485,0.456,0.406], o = [0.229,0.224,0.225] (3.7)

The normalized batch is then transposed to (N, C, T, H, W), the shape of the input array

expected by the convolutional model.

3.5.4 The Learning Rate

The learning rate is a critical hyperparameter that requires careful tuning, as it can affect
the model’s accuracy and convergence speed. In this section, we describe our approach to
finding a suitable learning rate before the start of training and scheduling the learning rate

once the training begins.

Finding the learning rate

To minimize trial-and-error in the search for a learning rate, we apply the systematic
approach described in [89] and [90] to find the highest learning rate to minimize the loss
before the loss rapidly spikes upwards. Figure 3.10 shows the loss versus learning rate in
finding the learning rate experiment for the I3D model on AUTSL dataset using Adam [73]
as the optimizer.

The process of finding such a learning rate starts by training the model on a very small
initial learning rate, such as Iry = 1078, and exponentially increasing it up to a large value,
Ir,_1 = 10. At each time step, the learning rate is updated by multiplying it by a fixed
factor of (Ir,,_1/lrg)*/™1, where n is the number of time steps in one epoch. The loss usually

spikes to a very high value before the epoch ends.
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Figure 3.10: Finding the learning rate for training I3D on AUTSL

For better visualization, the loss shown in Figure 3.10 is smoothed by calculating the
exponentially weighted averages of all losses in previous time steps. This can be expressed

by the recurrence formula [90]:

avg loss, = f x avg loss,_; + (1 — ) * loss; (3.8)

smoothed loss; = avg loss,/(1 — 8*1) (3.9)

where (3 is the decay factor set to be 0.98 in our case. The average loss is divided by the bias
correction factor 1 — B! to prevent the loss from being underestimated in early time steps.

To pick our learning rate from Figure 3.10, note that the smoothed loss for I3D reaches
its minimum value at 1 x 1072 then rapidly spikes upwards. However, since the shown loss is
a weighted average, the actual loss at 1 x 1072 is likely to be too high already for the model.
Therefore, we adopt the heuristic proposed in [90] to choose our learning rate for the model

as one order of magnitude less than the learning rate of the minimum smoothed loss, which
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equals 1 x 1072 in this case. Following a similar procedure for R3D, we found the optimal

learning rate on AUTSL to be around 3 x 1074

Scheduling the learning rate

In our experiments, reducing the learning rate periodically during training has consis-
tently improved the validation accuracy across all sign datasets. Several methods have been
proposed for scheduling the decay of the learning rate during training, such as step reduction
every fixed number of epochs, step reduction when validation accuracy plateaus, and cosine
annealing [91].

Moreover, warm-up scheduling, such as linearly increasing the learning rate at the start
of training until it reaches a maximum value, has shown better convergence for adaptive
stochastic optimization techniques such as Adam [65] based on the hypothesis that warm-up
acts as a variance reduction technique [92].

Our approach for scheduling the learning rate combines both phases of warming up
and decaying the learning rate using a one-cycle schedule [93]. In the warm-up phase,
which constitutes the first 30% of the training steps, the learning rate starts at a fraction
of the maximum learning rate (I7,,,,/25) and gradually increases at each training step with
a cosine schedule until it reaches I7,,4, (e.g. 1 x 1072 for I3D). Then, the learning rate
gradually decreases for the remainder of the training until it reaches a very small value of
I7maz/ (25 x 10%) by the end of training. The top plots of Figures 3.11 and 3.12 illustrate
the one-cycle learning rate schedule applied to Adaptive Moment Estimation (Adam) and
Stochastic Gradient Descent (SGD) with momentum, respectively, on WL100 dataset.

In both figures, we compare the generalization performance of the one-cycle learning rate
schedule against the commonly used reduce-on-plateau schedule. In our training experiment,
using Adam and a one-cycle schedule improved the validation accuracy over Adam with a
reduce-on-plateau from 75.7% to 79% (Figure 3.11). Using SGD with momentum under-
performed Adam in both one-cycle and reduce-on-plateau schedules (Figure 3.12), achieving

only about 72% validation accuracy. Our experiment in Figure 3.11 supports the hypoth-
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Figure 3.11: Scheduling the Learning Rate: One-Cycle and Reduce on Plateau for Adam opti-
mization on WL100
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esis proposed by [93,94] that approaching the maximum high learning rate, resulting in a
more volatile validation accuracy in the middle of a one-cycle policy, acts as a regulariza-
tion method and thus helps mitigate overfitting and improve generalization accuracy. Using
one-cycle policy with Adam optimization and Dropout regularization provided sufficient reg-
ularization for training our RGB and flow models. We also experimented with weight decay

regularization in these models but did not observe consistent or noteworthy improvements.

3.5.5 The Forward Pass

In the forward pass, the model processes the sampled batch of inputs x in parallel, where
i=1,2,..., N represents the i-th sample in the batch. The model computes the logits z*)
(i.e. the outputs of the last classification layer) by the end of a forward pass. A softmax
function is then applied to normalize the logits and convert them into label probabilities
v . Since isolated sign language recognition is a multi-class classification problem, we use
the cross-entropy loss to measure the discrepancy between the model’s predictions ¥ and

the true labels y®:

c
Ly 5% = =)y log(3") (3-10)
c=1
where

e (' is the number of classes in the dataset

oy = [yy), yéi), e ,yg)] is the one-hot encoded true label vector for the i-th sample.
o vy = [gjy) , g)éi) s gjg)] is the predicted probability vector for the i-th sample obtained

from the softmax.

However, since the true labels y provided by the dataset (especially MS-ASL and WL-
ASL) are not always correct due to automated label extraction, which is error-prone, we

incorporate label smoothing [95] into the loss. The one hot encoding for the true labels y®
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is adjusted by smoothing it with a constant a:

C
a NG
Lanoon(y™, 7)== >~ [(1 = ) + = log(3) (3.11)

c=1

The label smoothing hyperparameter « is used to prevent overconfidence in the given
labels. We set a = 0.1 as we found it to work well for the datasets. In our experiments,
label smoothing has often improved the generalization accuracy by about 1%, as preventing
overconfidence in noisy labels can be considered a form of regularization. The total loss
corresponding to the samples in the batch is computed as the average of each sample’s

smooth loss:

N
Lbatch - N Z smooth (Z)) (312)

3.5.6 The Backward Pass

In the backward pass, the gradients of the batch loss Ly, with respect to the model’s

weights 6 are computed with backpropagation, as an application of the chain rule:

8Lac 1 N Goar® 9zl
batch _ ZZ smooth 2 (313>

00
z:1 c=1

where the gradient of the smooth loss with respect to the logits zgi) is:

oL th (1) o
smooth _ »~(4) _ | (1 — (@) 3.14
aZcz) Ye ( a) Ye + = C ( )

()
The process of computing 8509 is automated by Pytorch as the gradient of a layer’s output
with respect to its parameters is predefined. Finally, the model weights are updated with the
computed gradients using the update rules of Adam optimization [73]. This weight update

minimizes the loss and consequently improves the accuracy.
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3.6 Strategies for Faster Training

Training 2D and 3D deep convolutional neural networks on a large number of videos for
many epochs is very resource-intensive and time-consuming. In this section, we describe the

most impactful strategies we employed to accelerate the training pipeline.

3.6.1 Training with Mixed Precision

Mixed precision training uses both half-precision (16-bit) for computationally intensive
tasks, such as the forward and backward passes, and full single-precision (32-bit) for op-
erations where high precision is required, such as weight updates. Empirical evidence has
shown that mixed precision training can significantly speed up training without compromis-
ing the accuracy of various deep learning models [96]. Moreover, mixed precision training
uses significantly less memory since 16-bit numbers use half the memory of 32-bit numbers.

This has enabled our training pipeline to double the batch size from 16 to 32 clips per
batch in training I3D on AUTSL videos while consuming a similar amount of GPU memory,
about 40GB. Switching from full-precision to mixed-precision has also reduced the training
time per epoch from 27 minutes to 22 minutes. In this case, the training time per epoch
is not reduced by half because 18 minutes of the epoch time are spent on non-GPU work
(bottleneck) such as video loading, reading, and preprocessing. This will be further optimized
as discussed in distributed parallel training (Section 3.6.2).

In mixed precision training, weight updates are done in full precision (FP32) because
updating weights with small gradients in half-precision (FP16) can be imprecise (e.g., 1 +
0.0001 results in 1) [97]. The weights used in the forward and backward passes are FP16-
casted versions of the master copy of the model’s weights, which is maintained in FP32 and
updated at each optimization step. To avoid the underflow of very small gradients computed
in FP16 during the backward pass, the loss is dynamically scaled by a factor such as 1024,
causing a corresponding scaling of the gradient. The gradients are then scaled back in FP32

before being applied in the weight update.

74



3.6.2 Distributed Parallel Training

Our training pipeline uses a single node with 2 or 3 GPUs for data parallelism. We
implemented data parallelism in PyTorch using the DistributedDataParallel (DDP) module
[98]. A separate process is spawned for each GPU, and the model is replicated across the
GPUs. At the beginning of each epoch, the dataset is randomly shuffled and evenly split
using DistributedSampler, with each split assigned to a different replica of the model (e.g.,
different GPU). Each GPU independently computes the forward and backward passes for
its portion of the dataset. Afterward, the gradients from all replicas are synchronized to
compute their average. The model’s weights on all replicas are updated in the optimization
step using the averaged gradients. To track the accuracy and loss for each epoch, we apply
reduce-sum operations on the statistics computed by each process.

In addition to multiple GPUs, we use 12 CPU cores (workers) to speed up data loading
and preprocessing. We assign (12/num of GPUs) CPU cores to each process. Since our
epoch time is dominated by CPU data tasks, splitting the data across multiple processes
(with one GPU for each process) has had the most significant impact, reducing the 22
minutes per epoch in mixed-precision single-GPU training by 45% to 12 minutes per epoch
in mixed-precision two-GPU training.

Table 3.1 summarizes the number and types of GPUs we used for training the 3D convo-
lutional models on sign datasets. I3D is the most efficient model in terms of training speed
and memory. Although training I3D on MS-ASL or WL-ASL on a single 24-GB RTX 3090
GPU was possible memory-wise due to the smaller batch size, we used 2 GPUs to accelerate
training. F3D is trained on a batch of 9 as it is divisible by the number of GPUs used in its
training. Training R3D and F3D on the AUTSL dataset with larger crops and batch sizes
was done on A100 GPUs due to the lack of access to more than 3 RTX 3090 GPUs.
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Table 3.1: Summary of hyper-parameter tuning for training the RGB models (I3D and R3D) and
the flow model (F3D) on the sign datasets. All listed models were trained with label smoothing=0.1,
Adam optimization, and one-cycle learning rate schedule.

MS-ASL / WL-ASL datasets AUTSL dataset
13D R3D F3D I3D R3D F3D
Learning rate le-3 3e-4 le-3 le-3 3e-4 le-3
Batch size 8 8 9 32 32 32
Dropout prob. 0.5 0.2 0.5 0.5 0.2 0.5
Training epochs 100 100 100 40 40 40
GPUs used 2 x RTX3090 | 2 x RTX3090 | 3 x RTX3090 | 2 x RTX3090 | 2 x A100 | 2 x A100

Training crop 224x224 from 256x256 256x256 from 512x512

Inference crop 256x256 (full frame) center 320x320 from 512x512

3.7 Inference Pipeline for RGB and Flow Models

In this section, we describe the details of the inference pipeline we designed to evaluate
the performance of the RGB and flow models on the validation and test splits of the datasets.
To track the generalization performance of a model on the validation set during training, we
perform an inference (test) epoch after the completion of each training epoch or after every
five training epochs if the inference epoch is time-consuming. An inference epoch is often
faster than a training epoch because there is no gradient computation (backward pass), and
much fewer samples are assigned to the validation and test sets than the training set. Before
every inference epoch, dropout regularization is disabled, and batch normalization layers of

the model are fixed to use the same statistics computed during training.

3.7.1 Loading and Resizing Frames

To perform an inference on videos in the validation or test splits on MS-ASL and WL-

ASL datasets, the video is first loaded by the video reader and resized to a fixed 256 x 256
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resolution. The video is then normalized using the same mean and standard deviation in the
training pipeline. We apply the model convolutionally over the entire video, both spatially
and temporally, where the output features corresponding to each 64 x 224 x 224 region in
the input are averaged by the model’s last pooling operation before its classification layer.
This has shown consistent improvement over applying the model once on a 224 x 224 center
crop.

We follow a similar process for performing inference on the AUTSL dataset. However,
we do not use the full input resolution of 512 x 512 since that is very computationally costly.
Instead, we apply the model convolutionally over a 320 x 320 center crop, covering 39% of
the frame area. Using a 256 x 256 center crop instead of 320 x 320 negatively impacts the
accuracy, as 75% of the input frame is lost. On the other hand, increasing the center crop
to 384 x 384 did not improve the accuracy. We also experimented with reducing the original
resolution to 384 x 384 and taking a 256 x 256 center crop, covering 44% of the frame area,
but this approach underperformed the 320 x 320 center crop taken from 512 x 512. This
highlights the importance of input resolution for effective sign recognition. We leave this to

future work.

3.7.2 Accelerating Inference

Since the inference epoch runs in the same process as the training epoch, we can exploit
the same data parallelism as the training pipeline by assigning a portion of the validation set
to each GPU. However, we use a batch size of one in each process because all video frames
are used during inference, and it is not feasible to form a mini-batch with multiple samples
when they have varying numbers of frames.

To track the validation loss and accuracy, each process accumulates its own statistics,
including the loss, number of correctly classified samples, and the total number of samples.
After the inference epoch ends, a reduced-sum operation is applied to the accumulated

variables to compute the total accuracy and loss for the entire validation set. Because the
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number of samples in the validation set is not necessarily divisible by the number of GPUs
used, the calculated accuracy will be slightly less accurate. After the training ends, we run
the last checkpoint on the validation set on one GPU without data parallelism to calculate

the precise accuracy.

3.8 Training and Inference for Skeleton Models

In this section, we describe the training and testing (inference) pipelines for the skeleton
models (GRU, Transformer encoder, and ST-GCN) and highlight how they differ from the
pipelines described in Sections 3.5 and 3.7. The process for training and testing skeleton

models is generally similar to other models, unless stated otherwise.

Data Loading

The first stage for a skeleton model involves skeleton extraction from every frame in
the input RGB video using MediaPipe [34] module. To save considerable time in training
and testing, we pre-extract skeleton data from all frames in all videos of the sign language
datasets and store it in a Python dictionary saved as a pickle file. Prior to training or testing,
the pickle file is loaded into RAM once.

This approach is feasible because skeleton data has a relatively small size compared to
other modalities (e.g. 1.25 GB for the skeleton of AUTSL training set). In contrast, storing
the extracted optical flow for the same dataset at a resolution of 256 x 256 with full precision
(32-bit float) would require approximately 880 GB. This substantial storage requirement is

why we opted to extract optical flow on the fly for each video selected in a batch.

Data Augmentation

Similar to RGB and optical flow models, we randomly select 64 consecutive frames from
the skeleton data of each video sampled in the batch during training. If a video has fewer
than 64 frames, the remaining x frames are filled by looping the skeleton data of the first

frame up to the x-th frame. No spatial cropping is applied as the skeleton extraction was
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run on the full frames. We also experimented with other forms of augmentation, such as
random horizontal flipping of keypoint coordinates, but that did not help the performance.

For inference, we use the skeleton data extracted from all frames in the video.

Normalization

Since the horizontal and vertical coordinates of the keypoints extracted by MediaPipe
are already normalized to [0, 1], there is no need to divide them by the width and height
of the video frame, respectively. We experimented with normalizing the coordinates of all
keypoints such that the nose coordinate in each frame is assigned as the origin (0,0), but
this approach did not perform well. This is likely because many undetected keypoints in
the skeleton are also assigned the same coordinate (0,0). Therefore, we use the default

coordinate system, where the upper-left corner of the frame is the origin (0, 0).

Training Hyperparameters

Similar to other models, all training hyperparameters are tuned based on the performance
on the validation set. We use a batch size of 32 for the AUTSL dataset and 8 for the MSASL
and WLASL datasets. A label smoothing of 0.1 is applied to the loss function, as described
in Section 3.5.5. The weight decay used for regularization is set to 1 x 1073 for AUTSL,
MSASL-1000, and WLASL-2000, and 1x 10~2 for MSASL-100 and WLASL-100. All skeleton
models are trained for 200 epochs across all datasets.

We find a suitable learning rate using the process described in Section 3.5.4. The learning
rate is set to 1 x 1072 for AUTSL, and 3 x 1072 for all other datasets. For skeleton models,
we use the Reduce-on-Plateau learning rate schedule with SGD optimization (momentum =
0.9) as we found this combination to perform better than the One-Cycle schedule with Adam
optimization used for RGB and optical low models. In the Reduce-on-Plateau schedule, the
learning rate is reduced by half if the validation loss does not decrease for 10 consecutive

epochs.
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Accelerating Training and Inference

Both mixed precision training and distributed training strategies are applicable to skele-
ton models. However, due to the significantly lower computational cost of the second stage
of skeleton models (e.g. ST-GCN) compared to RGB and optical flow models, we did not
need to use more than one GPU for training and testing skeleton models within a reasonable
time. We apply mixed precision training as described in Section 3.6.1 to the skeleton models

to further speed up training.

3.9 Stream Fusion Methods

In this section, we investigate two main fusion methods to combine models. In post-
classification fusion, we combine the classification scores (e.g., logits or prediction probabili-
ties) from each stream after their respective classification layers. In pre-classification fusion,
we fuse the stream features prior to the classification layer. The methods and results for

each fusion method are presented in the following subsections.

3.9.1 Post-Classification Fusion

The direct outputs of a deep learning model’s classification layer are known as logits,
which represent unnormalized log probabilities for each class. These scores can be converted
into probabilities that sum to 1 by applying a softmax function. However, we choose to
combine the raw logits rather than the softmax probabilities because softmax accentuates
the difference between the top prediction and other close contenders. This can reduce the
usefulness of the combination if the correct prediction ranks second, as the softmax trans-
formation would downplay its relative score. Our experiments further support this choice,
showing slightly better results when combining models’ logits instead of probabilities. We

define combining the logits as a weighted average, described formally as follows.

o Let Dyy = {(zs,y:)}Y, be the validation dataset, where z; is the input and y; is the

true label for sample 1.
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e Let logitsl;, and logits2, be the logits (pre-softmax scores) output by Model 1 and

Model 2 for sample 7, respectively.

e The weighted combination of the logits in a two-stream network for sample 7 and class
c is defined as:

31@(05) = - 1ogjt31(c) +(1—a)- logitSQZ(c) (3.15)

i

where « represents the weight assigned to the outputs (logits) of Model 1, while Model 2’s
outputs are weighted by 1 — a.

A straightforward approach is to set a = 0.5, effectively giving equal weight to both
streams. However, since the models differ in accuracy, a simple average is often suboptimal,
as assigning equal weight to the less accurate model may limit the overall improvement of
the ensemble. Instead, we propose searching for the optimal weight « that maximizes the

validation accuracy:

C

N
a* = arg max Z]I (arg max s\ (o) = yi) (3.16)

(©)

where s;” () is defined in Eq. 3.15, and I is the indicator function that equals 1 if the
predicted class matches the true class y;, and 0 otherwise. To find o*, which maximizes the
accuracy of the ensemble, we implement a grid search optimization strategy since accuracy is
not a differentiable metric and, therefore, cannot be maximized directly using gradient-based
optimization.

In the grid search, each a in the interval [0, 1] with a step size of 0.01 is used to compute
the ensemble accuracy, and the value corresponding to the maximum accuracy is chosen.
We consider this grid search as our baseline, as it directly maximizes accuracy. Table 3.2
shows the result of the grid search along with other proposed optimization methods for a
two-stream network with GCN and I3D representing Model 1 and Model 2, respectively, on
the MSASL1000 dataset. In this case, the grid search found that weighting the logits of

GCN with 0.29 and the logits of I3D with 0.71 achieves a maximum validation accuracy of
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69.72%. We then apply the optimal weighting, a*, found on the validation set to report the

test set accuracy.

Table 3.2: Results of post-classification optimization methods on MSASL-1000 dataset

Ot | e | a (orGony | eon [ Tt
(ir;:sssigh Mamé? ?f‘lcg)“racy 0.29 69.72% 74.20%
Adam %éZ;TIEZS ?Tg; 0.3155 69.50% 74.30%
L-BFGS 1&2;?]15; Ij“;gf 0.3155 69.48% 74.30%
L-BFGS Mmi(%i;e;ﬁ)mss 0.5326 67.64% 73.51%
(P;i%fisa) Minié?fif"ss 1000 values 71.46% 72.37%
PorCromna) | Low (e 500 [3.'521;{,’0553185,’ 69.24% 74.45%

In addition to grid search, we explore gradient-based methods to find o*. Instead of
directly maximizing the accuracy, which is not differentiable, we minimize a differentiable
loss function as a surrogate for accuracy, therefore allowing the use of backpropagation to
learn o*. All other weights of the models prior to the output of the classification layer
are fixed, as this is a post-classification fusion. Two common choices for the surrogate loss
functions are cross-entropy loss and hinge loss.

Cross-entropy loss is widely used for classification tasks because it encourages the model
to output a high probability for the correct class, which directly improves prediction confi-
dence. Using the cross-entropy loss, the optimization objective we propose can be restated
as follows:

o = argmin Log(a) (3.17)
a€0,1]
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where oo = o (@) is the result of applying a sigmoid function to the unconstrained parameter

a, mapping it to the [0,1] range. Lcg(a) denotes the cross-entropy loss function defined as:

Leg(a) = — Z log (Softmax (Si(a))yi> (3.18)

=1

Alternatively, hinge loss, which is typically used in support vector machines, ensures that
the score for the correct class is separated from the incorrect classes by a margin. Minimizing

the multi-class hinge loss over « is mathematically expressed as follows:

o = argmin Lyjyge () (3.19)
a€l0,1]

Liinge(@) = f: Y max (o, 1 [sgyi)(a) - sgf')(a)]) (3.20)

i=1 jFy;
where o = (@), and SEC)(OL) as defined in Eq. 3.15.

In the single-weight optimization methods, learning o* by minimizing the cross-entropy
loss produces lower validation accuracy compared to learning o* by minimizing the hinge loss
(Table 3.2, rows 3 and 4). This is because hinge loss focuses on the scores most close to the
correct class, encouraging adjustment that improves the margin between them. In contrast,
cross-entropy loss is influenced by the predicted probability of all classes. Therefore, in
datasets with many classes (e.g., MSASL1000), the gradient signal can become less focused
as the optimization adjusts « in ways that slightly improve probabilities across many classes
but do not directly help separate the correct class from the most confusable ones.

For the gradient-based optimization, first-order methods such as SGD or Adam can
be used to update . However, second-order optimization methods often provide faster
convergence to the optimal value in fewer steps. We chose the L-BFGS algorithm, a quasi-
Newton method that approximates second-order optimization without computing the full

Hessian matrix [99]. Other second-order methods, such as conjugate gradient, could also be
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applied, but we opted for L-BFGS due to its accessible implementation in PyTorch. Table 3.2
(rows 2 and 3) shows that both Adam and L-BFGS converge to approximately the same o*.

In the single-weight optimization methods discussed so far, all classes are weighted with
the same value, o*. If the hypothesis that an RGB stream or a skeleton steam is particularly
useful for recognizing certain classes of signs, then we should expect accuracy to improve by
adopting multiple a’s that weight classes differently per stream. To evaluate this hypothesis,
we modify « from Eq 3.15 to be a vector of C values (weights), where C' is the number
of classes. For this approach, we use cross-entropy loss because the C weights should be
influenced by the probabilities of all classes, not just the margin between the correct class

and its close contenders. The optimization objective we propose is therefore restated as

follows:
o™ = argmin Log(a) (3.21)
a€cl0,1]¢
where
e a = Softmax(ay,as,...,ac) = (ai,aqs,...,ac¢) representing the vector of fusion

weights, where each «, corresponds to a specific class ¢. The Softmax function is

applied to the unconstrained weights a., so that:

c
a. €[0,1] and Zaczl, forc=1,2,...,C.
c=1

o Lcop(a) is the cross-entropy loss, similar to that in Eq 3.18, but as a function of a

weight vector a rather than a single weight «.

$'9(a) = a - logits1!? + (1 — ) - logits2(® (3.22)

2

The validation and test accuracies of this approach are reported in Table 3.2 (5th row).
This is a clear case of overfitting, where fitting 1000 fusion weights resulted in higher val-

idation accuracy than all other single-weight methods but worse performance on the test
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set. One reason for this outcome is that the majority of the 1000 classes in MSASL dataset
have a low number of validation samples relative to the number of parameters the optimiza-
tion needs to learn. Moreover, the distribution of the validation set in MSASL-1000 differs
slightly from that of the test set, making the overfitted weights less optimal for the test set.

To mitigate overfitting to the validation set, we explore reducing the number of fusion
weights by learning a weight per group of classes rather than a weight per class. In this
approach, classes are mapped into G groups, where G is significantly smaller than C' (i.e.

G << (). The G fusion weights are then learned by optimizing the following objective:

o™ = arg min Lyinge(ax) (3.23)
a€l0,1]¢
where
e a = Softmax(ay,qs,...,ag) = (ai,as,...,aq) representing the vector of fusion

weights, where GG is the number of groups and g(c) maps each class ¢ to its corre-
sponding group g. The Softmax function is applied to the unconstrained weights a),
so that:

c
Qg(e) €[0,1]  and Zag(c) =1, forc=1,2,...,C.
c=1

® Lpinge(x) is the hinge loss, similar to that in Eq 3.20, but as a function of a weight

vector ¢ rather than a single weight «.

s (@) = ay(e - logits1!? + (1 — ay(y) - logits2” (3.24)

7 A

It is worth noting that Eq. 3.24 represents the most general formulation of weighted
combination of logits among our proposed methods. By setting g(c) = ¢ (each class has its
own group), Eq. 3.24 simplifies to the per-class weight fusion in Eq. 3.22. By setting g(c¢) = 1

(all classes belong to a single group), Eq. 3.24 reduces to the single-weight fusion in Eq. 3.15.
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The result of this approach is reported in Table 3.2 (last row). In this setup, g(c)
represents a mapping in which the 1000 classes are grouped into five bins based on the
number of training samples per class in the training set: [0, 10), [10, 20), [20, 30) , [30,
40), and [40, 50). While learning a weight per group according to this mapping avoids the
overfitting issue observed with the per-class weight method, it does not significantly improve
validation or test accuracy over single-weight methods. Furthermore, the five learned «
values of this approach are nearly the same (around 0.3), indicating that the contribution of
the skeleton stream (GCN) does not vary by much as a function of the number of training
samples in a class.

Overall, the optimization methods in Eq. 3.21 and Eq. 3.23 provide no evidence support-
ing the hypothesis that the RGB stream (I3D) or the skeleton steam (GCN) is particularly
useful for recognizing certain classes of signs over the other. Therefore, the null hypothesis
cannot be rejected. Alternative group mappings g(c), such as clustering classes based on
feature similarities or learning g(c) directly from the data, may provide better results. We

leave exploring this option as a future work.

Generalizing to Multiple Streams

Let logitsl;, logits2;, and logits3, be the logits (pre-softmax scores) output by Model 1,
Model 2, and Model 3 for sample i, respectively. The weighted combination of the logits in
a three-stream network for sample ¢ and class ¢ is defined as:

s (a1, a2) = oy - logits1!? + as - logits2!® + (1 — a1 — as) - logits3!” (3.25)
where a1, g, and (1 — a; — aw) represent the post-classification fusion weights assigned to
the outputs (logits) of Model 1, Model 2, and Model 3, respectively. The weights satisfy
0 <aj,as <1and a;+ay < 1. For N-stream networks, this formulation can be generalized
to N fusion weights aq,as,...,ay_1, with the final weight computed as 1 — Zjvz_ll aj, to

ensure their total equals 1.
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To determine the best fusion weights in three-stream networks, we perform a grid search
over the interval [0, 1] for both a; and ay with a step size of 6 = 0.01. The optimal weights
(a7, i) are those that maximize the top-1 accuracy of the ensemble on the validation set.

The detailed procedure is outlined in Algorithm 1.

Algorithm 1 Grid search for optimal fusion weights in a three-stream network

Input: Validation dataset Dy, = {(z;, %)}, where z; is the input and y; is the true label
for sample 7; Step size 6 = 0.01 for grid search
Output: Optimal weights (af, o) that maximize top-1 accuracy on the validation set
1: Initialize of = 0, @ = 0, and max_accuracy = 0
2: for each oy in [0, 1] with step size § do
3:  for each ay in [0,1 — «;] with step size § do

4: Compute the fusion weight for the third model as a3 =1 — a; — as
5: Compute combined logits for each sample (z;,y;) in Dyar:
(o) _ Naoitat© Naoiteo© Naoite2(©
s; (a1, ) = aq - logitsl;” + ay - logits2,” + ag - logits3;
6: Calculate top-1 accuracy on Dy,:
| XN
_ - () —
aceuracy = I|argmax s;” (o, a0) = y;
i=1 ¢
7: if accuracy > max_accuracy then
8: Set max_accuracy = accuracy
9: Set af = ag and o =
10: end if
11:  end for
12: end for

13: return Optimal weights (af, o)

3.9.2 Pre-Classification Fusion

In addition to post-classification fusion, which is represented as a linear function (weighted
average) of the steam outputs (Eq. 3.15), we explore a non-linear fusion of the stream fea-
tures prior to the classification layer. This approach allows us to evaluate whether learning

complex, non-linear interactions between the stream features can improve the performance
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of the two-stream network. Figure 3.13 illustrates our proposed pre-classification fusion of

MediaPipe
RGB Input
A 4
Extracted Skeleton

GCN stream

GCN and I3D features.

13D stream

GCN Output I3D Output

Features (d=256) Features (d=1024)

Concatenated

GCN Auxiliary . I 13D Auxiliary
Classifier eatures (d=1280) Classifier
MLP
Network
GCN Auxiliary Loss | Fusion Loss | 13D Auxiliary Loss
| |
v v v

[ Total Loss = 0.5 (GCN Auxiliary Loss) + Fusion Loss + 0.5 (I3D Auxiliary Loss) ]

Figure 3.13: Proposed pre-classification fusion method. Output features of the two streams are
concatenated before the classification layer, then fed into MLP to learn non-linear feature fusion.

The “output features” or simply “features” refers to the output of the penultimate layer
in the I3D and GCN streams, which is the last layer in the stream before the classification
layer. The output features of the two streams are concatenated to form a 1280-dimensional

feature vector. This concatenated feature vector is then passed through a multi-layer per-
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ceptron (MLP) consisting of two fully connected layers, each with 512 neurons and ReL.U
activations. Finally, a fully connected classification layer is applied to obtain the fusion logits
corresponding to the concatenated features.

To ensure that the learned fusion does not rely heavily on the features of a single stream,
we apply auxiliary classifiers to the features of each stream to minimize the loss of each

stream in addition to the fusion loss. The three losses are combined as follows:

Total Loss = Fusion Loss+0.5 x (GCN Auxiliary Loss) 4+ 0.5 x (I3D Auxiliary Loss) (3.26)

Including the auxiliary loss of each stream in the total loss encourages the two-stream
network to learn output features that are useful on their own, while the inclusion of the
fusion loss ensures that the learned features are also useful when combined. This design has
a regularization effect as it constrains the feature space to those features that are beneficial
both individually and when fused.

The logits obtained from the auxiliary classifiers can also be utilized for post-classification
fusion to learn a weighted combination of the GCN, I3D, and fusion logits as described in Al-
gorithm 1. This approach effectively combines both pre-classification and post-classification
fusion methods.

The fused network is fine-tuned end-to-end, with the I3D and GCN streams initialized
from the coarse-to-fine pretrained models. For example, if the fused model is to be fine-tuned
on MSASL1000 dataset, the I3D and GCN streams are initialized with weights pretrained

sequentially on Kinetics, AUTSL, and then MSASL1000.

Ablation Study

Table 3.3 shows the effect of removing various training aspects of the fused model on the
MSASL-1000 dataset. Including all components achieves 67.22% validation accuracy based
on the fusion logits alone and about 69% accuracy when using a weighted ensemble of the

three logits. Training the fused model without the auxiliary classifiers and losses reduces the
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validation accuracy to 64.24%, and freezing the weights of the two streams during finetuning

further drops the accuracy to 62.04%.

Table 3.3: Ablation study on different training aspects of the pre-classification fusion method.

Accuracy of Accuracy of
Unfrozen I3D Auxiliary — Pretrained Finetuning Fusion Head Ensemble (3 heads)
d N i MS1 S

and GC classifiers  on MS51000 epochs ‘ Val. Test ‘ Val. Test
X N/A v 20 62.04 68.11 - -
v X v 20 64.24 68.68 - —

v v X 100 64.96 69.84 69.59 74.06

v v v 20 67.22 71.96 68.98 73.87

v v v 40 67.18 72.54 69.77 74.49

In addition to initializing the MLP weights randomly, we also experimented with pre-
training the MLP on AUTSL using I3D and GCN with AUTSL-pretrained weights. The
fused model was then trained end-on-end on the MSASL-1000 dataset for 100 epochs (Ta-
ble 3.3, third row). Despite being trained for more epochs, this approach does not improve
the ensemble accuracy over the method where I3D and GCN are initialized with MSASL-
1000 weights and trained for only 40 epochs. This demonstrates that it is better to train the
two streams independently on the target dataset first, and then fine-tune them together on
the target dataset.

The best approach in Table 3.3 did not improve the accuracy by a meaningful margin over
the post-classification fusion baseline in Section 3.9.1 - Table 3.2 (69.77% vs 69.72%). This
suggests that the linear combination of stream logits with fusion weight « learned through
grid search is a strong baseline, and that learning a non-linear fusion of the stream features
prior to the classification layer adds more complexity without substantial performance gain.
Given these findings, we will only use post-classification fusion with grid search for the results

of two- and three-stream networks discussed later in Chapter 4.
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Chapter 4

Results and Analysis

This chapter is organized as follows. Section 4.1 defines the evaluation metrics used to
report the performance of the models. Section 4.2 evaluates the impact of 3D convolution
(slow fusion) compared to 2D convolution with late fusion of temporal features. Section 4.3
examines the impact of using optical flow compared to RGB as inputs to the 3D convolutional
model and analyzes the effect of optical flow components. Section 4.4 presents the results
and evaluates the performance of the skeleton models. Section 4.5 analyzes the impact of
coarse-to-fine transfer learning and presents the results of all models after its application.
Sections 4.6 and 4.7 present and analyze the results of all possible combinations of models
in two- and three-stream networks, respectively. This chapter concludes by comparing our

approach and results with state-of-the-art methods in Section 4.8.

4.1 Evaluation Metrics

Models are evaluated on the validation and test sets using accuracy. For multi-class
classification problems, accuracy is the ratio of correct predictions to the total number of

predictions:
Correct predictions ZZC:1 True Positives;
Total predictions ZZC: | Total,

Accuracy = (4.1)

where C is the number of classes in the dataset. This is also equivalent to the ratio of total
number of true positives for each class, to the total number of instances across all classes.
A significant limitation of using accuracy alone as an evaluation metric is its potential
to overestimate the performance of a classifier for imbalanced datasets, such as MS-ASL or
WL-ASL, where the earlier classes (in terms of class id) have more samples than later ones.
Simple accuracy gives equal weight to every instance in the dataset without considering the

model’s performance per class. Therefore, a model can perform well in recognizing common
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signs (with many samples) while performing poorly on uncommon signs (with fewer samples)
yet still achieving high accuracy due to the disproportionate representation of the majority
classes.

While accuracy weights a model’s performance on each instance equally, balanced ac-
curacy is another metric that ensures the model’s performance on each class is weighted
equally, regardless of the class size. Rather than calculating the true positive rate over all
instances, it calculates the true positive rate for each class individually and then averages
them. This way, the model’s performance on uncommon signs (minority classes) is considered

as important as its performance on common signs.

C . .

1 < True Positives;

Balanced Accuracy = e § : TUGT (2511 ives
otal;

(4.2)

1=

Balanced accuracy is also equivalent to the average recall of each class, using macro

averaging formula:

c
1
Balanced Accuracy = ol Z Recall; = (4.3)

=1

l ZC: True Positives;
C' < True Positives; 4 False Negatives;

For the results discussed in this chapter, balanced accuracy will be referred to as “ac-
curacy per-class” while standard accuracy will be referred to as “accuracy per-instance”,
"top-1 accuracy”, or simply “accuracy”.

Another useful evaluation metric is the top-5 accuracy, which follows the same formula
as Eq. 4.1, except that an instance is considered correctly predicted (i.e counted as true
positive) if its true label appears within the top 5 most likely predictions by the model. A
strong performance on top-5 accuracy indicates the model can capture useful patterns in the
data that allow the label to appear in the top-ranked predictions, even if it’s not the highest
probability (top-1).

Many of the results in this chapter include the Improvement Over Baseline (abbreviated

as 1.O.B.) metric to facilitate comparisons between the top-1 accuracies of various models
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with respect to the baseline performance. We define this metric as follows:
I.O.B. of the model = Accuracy of the model — Accuracy of the baseline model — (4.4)

In our evaluation, the significance of a small improvement (e.g., .O.B. = 1 percentage
point) is not solely determined by the model’s performance on a single dataset. However, if
the model shows a consistent improvement, even a small one, across multiple datasets, our
confidence in the significance of that result increases. This also eliminates the need for re-
peated runs on the same dataset, given that consistent improvement across different datasets
already makes a stronger case. Moreover, the sign datasets we use (AUTSL, MSASL1000,
and WLASL2000) have relatively large test set sizes (3,000 — 4,000 videos), resulting in stable

results with low variance when training and testing are repeated on the same dataset.

4.2 The Impact of Slow Fusion (3D ConvNet)

A key research question of this dissertation is to determine whether using slow fusion—
as represented by 3D convolutional networks—over 2D convolutional networks with late
fusion is justified, given the added computational cost of 3D ConvNets. Since the difference
between the two networks was not significant on action recognition datasets, as discussed in
Chapter 2, we hypothesized that sign language video datasets are a better testbed for learning
spatiotemporal features than general action recognition because learning to recognize signs
often requires integrating information across frames. If this is true, then a 3D ConvNet
must show a significant difference in performance from its 2D counterpart since it integrates
spatiotemporal features across all layers rather than only the last.

To test this hypothesis, we compare the classification accuracy of the following four

models, defined in Section 3.2.1.

1. 18-layer 2D ResNet with average pooling of features across frames (R2D18).

93



2. 18-layer 2D ResNet with GRU to integrate features across frames from the last layer
before pooling (R2D184+GRU).

3. 50-layer 2D ResNet with average pooling of features across frames (R2D50).
4. 18-layer 3D ResNet with average pooling of temporal features (R3D18).

To ensure this is a fair comparison, we restricted it to one type of architecture (Residual
Networks), which achieved state-of-the-art performance on the ILSVR 2015 challenge [45].
Moreover, we pre-train the baseline (R2D18) on the Kinetics400 dataset, the same dataset
that R2D50 and R3D18 were trained on. Training on Kinetics400 is very time-consuming
since it has an order of magnitude more training videos than AUTSL. In our experiment,
training R2D18 for 50 epochs on Kinetics400 lasted for about 7 days, achieving a test ac-
curacy of 66.4% which is 4 percentage points more than the accuracy reported for RGB
stream in [2], demonstrating a better performance of our training pipeline on large scale
action recognition dataset.

The optimal learning rate was tuned for each model independently using the method for
finding the learning rate as discussed in Section 3.5.4. All models were trained for the same
number of epochs; 40 epochs for AUTSL and 100 epochs for MSASL and WLASL datasets,
using Adam optimization with the one-cycle schedule.

Tables 4.1, 4.2, and 4.3 show the validation and test accuracies of the four models on
all sign datasets. The results demonstrate that R3D18 consistently outperforms its 2D
counterpart (R2D18) in the top-1 accuracy by a significant margin of 7.9 — 19 percentage
points across different sign datasets. Other 2D Resnet models show improvements over the
baseline, but to a lesser extent than R3D, when appending a recurrent net (R2D18 + GRU)
or when increasing its depth (R2D50). This indicates that R2D18, even when pretrained on
the same dataset as other models, is not sufficient enough to capture the subtleties of spatial

and temporal features required for sign language datasets.
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Table 4.1: Results of ResNet 2D and 3D models on AUTSL dataset. 1.0.B. denotes improvement
over baseline (R2D18).

Model ‘ Validation ‘ Test

| Top-1 LO.B. | Top-1 1.O.B.
R2D18 (baseline) | 86.3 0 86.99 0
R2D18 + GRU 90.11 +3.81 | 88.80 +1.81
R2D50 89.7 434 | 89.10 +2.11
R3D18 94.16 +7.86 | 95.38 +8.39

Table 4.2: Results of ResNet 2D and 3D models on MSASL-100 and MSASL-1000 dataset

N | MSASL-100 | MSASL-1000
odel
Validation Test Validation Test

Top-1 1.O.B. | Top-1 1.O.B.| Top-1 I1.O.B. | Top-1 1.0O.B.
R2D18 (baseline) | 73.24 0 71.68 0 39.73 0 42.5 0
R2D18 + GRU 74.83 +1.59 | 73.94 +2.26 | 43.07 +3.34 | 43.03 +40.53
R2D50 76.51 +3.27 | 7846 +6.78 | 48.29 4856 | 52.31 +9.81
R3D18 82.16 +892 | 83.78 +12.1 | 57.24 +17.51 | 61.04 +18.54

Table 4.3: Results of ResNet 2D and 3D models on WLASL-100 and WLASL-2000 dataset

M | WLASL-100 | WLASL-2000
odel
Validation Test Validation Test

Top-1 1.O.B. | Top-1 I1.O.B. | Top-1 1O.B.| Top-1 I1O.B.
R2D18 (baseline) | 67.46 0 64.73 0 30.57 0 29.81 0
R2D18 + GRU 71.3  +3.84 | 66.67 +1.94 | 40.02 +9.45 | 38.53 +8.72
R2D50 72.19  +4.73 | 69.38  +4.65 | 40.53 +9.96 | 38.67 +8.86
R3D18 80.18 +12.72 | 79.07 +14.34 | 49.57 +19 | 47.78 +17.97
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Appending a recurrent layer to the R2D18 model (R2D18+GRU) has improved the per-
formance considerably on AUTSL and WLASL by a margin of 3—9 percentage points similar
to that of increasing its depth to 50 layers (R2D50). For MSASL, however, increasing the
network depth helps more than appending a recurrent net. This is likely due to the variety
of realistic backgrounds in MSASL, which are lacking in the two other datasets, making a
deeper and more accurate image classifier such as R2D50 more important than temporal
integration (R2D184+GRU).

Moreover, the results show that adding a temporal dimension across all layers (R3D18)
consistently and significantly improves upon the baseline more than increasing the baseline’s
depth from 18 to 50 layers. A shallower 18-layer 3D ResNet outperforms the deeper 50-
layer 2D ResNet by a margin of 4.5 — 8.9 percentage points across the sign datasets. This
highlights the efficiency of R3D18, as it can capture both spatial and temporal information
with significantly fewer layers. As the classification problem becomes more challenging in
datasets with a larger number of classes (such as MS1000 and WL2000), R3D demonstrates
even more pronounced gains in accuracy over 2D convolutional models. This indicates that
as the complexity of the signs grows, it becomes increasingly important to incorporate slow

fusion to capture intricate discriminative features embedded within motion patterns.

Quantitative and Qualitative Analysis

The results in Tables 4.1, 4.2, and 4.3 demonstrate the impact of slow fusion on the overall
(per-instance) accuracy. To analyze its impact on individual classes, Figure 4.1 shows a bar
chart illustrating the difference in accuracy between R3D18 and R2D18 for each class in
AUTSL dataset. This is calculated by subtracting R2D accuracy from R3D accuracy for
each class. R3D improves the accuracy for the majority of classes (positive bars) while
occasionally underperforming R2D (negative bars). The top three significant improvements
have been observed in classes 16 (Ataturk), 47 (minute), and 95 (needle), with a 50% or
more in accuracy difference and a p-value of less than 0.05 using the exact McNemar’s test

(i.e. Binomial exact test).
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Accuracy Difference (r3d - r2d) per Class
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Figure 4.1: Accuracy difference (R3D - R2D) per class on AUTSL validation set

Table 4.4 shows details on the classification of these outliers, including the signs they

were confused with by R2D and R2D+GRU models, causing a high error rate.

Table 4.4: Class confusion data with error rates for different models (R2D18, R2D18+GRU,
R3D18), along with the p-values for statistical comparison.

True class # | Confused with class RoDI18 Clizs];f;:_oéfr{%e R3DI8 p-value

16 (Ataturk) | 126 (potato), 1721 2q0 50% 5% | 0.00098
(sugar)

47 (minute) | 52 (doctor) 50% 40% 0% 0.00195

95 (needle) | 134 (manager) 50% 41.67% 0% 0.03125

131 (napkin) | 89 (gift) 6.25% 6.25% 37.5% | 0.0625

R2D18 misclassified 70% of the signs in class #16, “Ataturk”, often confusing them with
the signs for “potato” (class #156) and sometimes for “sugar” (class #172). These three
signs share similar spatial appearances but differ in their motions. As shown in Figure 4.2,
class #16 is performed by placing the index finger on the face for about a second. Class

#156 is performed similarly, but the hand rotates back and forth while the index finger is
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placed on the face. In this case, the motion dynamics are more distinctive for these classes
than appearance features.

Another example is signs of class #47, “minute,” where R2D18 misclassified half of them
as class #52, “doctor”. The word “minute” is signed by tapping on the wrist (where a
watch is typically placed) multiple times with the thumb and index fingers of the other
hand touching each other (Figure 4.3). The sign for “doctor” is similar but involves either a
single tap on the wrist in one variant or holding the wrist in another variant. Distinguishing
between single and multiple taps with very similar spatial features is shown to be difficult
again for R2D18 due to its lack of learning discriminative motion dynamics.

R2D+GRU slightly reduces the error rate for classes 16, 47, and 95 compared to R2D. As
shown in Table 4.4, the error rate for each of these classes decreases as the temporal fusion
method of features across frames becomes more sophisticated, progressing from simple late
averaging in R2D to late fusion with R2D+GRU to slow fusion with R3D, where the error rate
approaches 0. A notable exception (outlier) is class #131, “napkin”, where R3D performed
worse than R2D and R2D+GRU, although with a smaller difference in accuracy. In this
case, ‘napkin’ was misclassified as ‘gift’ (class# 89). The primary distinction between these
two signs is based on appearance rather than motion, as both start with a similar gesture
near the nose but end with a throwing action for “napkin” and a holding gesture for “gift”.
This misclassification may result from R3D overemphasizing a narrow spatiotemporal region,
potentially downplaying broader visual cues. However, since in this case the p-value of 0.0625
is greater than the significance level of 0.05, the null hypothesis that there is no significant
difference in performance between R3D and R2D on class #131 cannot be rejected.

Comparing the class activation maps generated by each model can provide a deeper
insight into how R3D outperforms R2D, particularly in classes such as 16 and 47, where
motion plays a key role. Class Activation Mapping (CAM) [100] is a deep learning technique
used to visualize the regions of the input that contribute most strongly to predicting a certain

class. It achieves this by applying the class’s learned weighted combination of activation maps
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from the last convolutional layer. Gradient-weighted CAM (Grad-CAM) [101] extends CAM
by using the gradient of the target class with respect to the feature maps of a convolutional
layer. These gradients are averaged for each feature map and used as weights to combine
the feature maps. To visualize the resulting weighted map for each frame, we resize it to the
original input resolution using trilinear interpolation, then normalize it and overlay it on the
input frame as a heatmap (Figures 4.2 and 4.3).

The last two rows in Figures 4.2 and 4.3 compare the heatmaps for R2D and R3D, illus-
trating the most influential regions in the input frames for classes 16 and 47, respectively.
The heatmaps for R3D often demonstrate a narrower, more focused, and continuous spa-
tiotemporal region, while R2D tends to highlight broader spatial regions in selected frames.
In R2D, each frame is processed independently, so the frames that produce activation maps
closer to maximizing the class score will contribute the most to the classification decision.
R2D misclassified samples from class 16 as 156 or 47 as 52 because there were more frames
producing activation maps aligned with the false class than the true class. This is especially
likely in classes with similar visual cues. In contrast, classification in R3D is based on the
detection of the sign pattern across multiple consecutive frames within a concentrated region
of the input, which significantly improves differentiating between subtle motion cues, such

as single vs. multiple taps or a stationary vs. rotating hand.
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Sign for ”potato” (class #156)

R2D Grad-CAM for ” Ataturk” sign

R3D Grad-CAM for ”Ataturk” sign

Figure 4.2: Example of motion-sensitive sign ”Ataturk” classified correctly by R3D and incorrectly by R2D and R2D+GRU due to
motion being a key discriminative feature. The Gradient-weighted CAM (Grad-CAM) for ” Ataturk” sign is visualized in the last two
rows as heatmaps overlaid on the frames.
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R3D Grad-CAM for "minute” sign

Figure 4.3: Example of motion-sensitive sign "minute” classified correctly by R3D and incorrectly by R2D and R2D+GRU due to
motion being a key discriminative feature. The Gradient-weighted CAM (Grad-CAM) for "minute” sign is visualized in the last two
rows as heatmaps overlaid on the frames.
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4.3 The Impact of Optical Flow

In Section 4.2, it has been shown that a 3D convolutional network such as R3D is effective
at capturing both spatial and temporal features of sign words. This raises the question of
whether using an additional stream to explicitly learn motion patterns through optical flow
is particularly beneficial for sign recognition, given the added computational overhead of
extracting optical flow from RGB, especially in real-time applications.

Our hypothesis is when training a sufficiently deep 3D convolutional network on optical
flow video input, the learning of motion patterns useful for sign recognition is primarily
attributed to the slow fusion aspect of the network, rather than the optical flow input
itself. This is significant because it suggests that multi-stream networks for sign recognition
can achieve relatively high accuracy without relying on optical flow, therefore improving
the computational efficiency of the inference pipeline and GPU memory requirement. We

investigate this hypothesis in two ways.

1. Examining whether certain types of signs (classes), with very discriminative motion
patterns, are significantly better classified using a 3D ConvNet with optical flow input

than a 3D ConvNet with RGB input.

2. Analyzing the impact on the classification accuracy when key motion information is

removed from the optical flow input (ablation study).

We choose the inception architecture as the backbone of the 3D convolutional network
used for training on optical flow, rather than ResNet (R3D). We made this choice due to the
availability of I3D pre-trained on optical flow of the Kinetics dataset [2], which allows for a
fair comparison of performance with 3D convolutional networks pre-trained on RGB input
from the same dataset. To distinguish between 13D network with RGB input and 13D with
optical flow input, we refer to the latter as F3D, and retain the I3D name for the RGB-based

model.

102



4.3.1 Performance of F3D and 13D

We use 13D as a baseline for comparing the performance of F3D because both models
have similar backbone architecture (inception), but differ in input modality (RGB vs optical
flow). In contrast, R3D differs from F3D in both architecture and input modality, making
it harder to identify whether differences in performance are due to the architecture or the
input modality.

Table 4.5 presents the validation and test accuracies for I3D and F3D on all sign datasets.
In our training experiments, I3D consistently outperformed F3D in all metrics and datasets.
This drop in accuracy for F3D can be attributed to several factors, including the considerable
amount of noise in the extracted optical flow and the loss of detailed spatial information
inherent in optical flow, such as the configuration of individual fingers, which often appear
as a single undifferentiated blob in the flow representation. For WLASL 100 and WLASL
2000, the drop in accuracy was greater (5 — 6 percentage points), likely due to the lower
image quality of the videos in WLASL, which in turn degrades the quality of the extracted
optical flow. Unlike AUTSL and MSASL, where videos are resized during training when the
batch is formed, videos in WLASL have been originally lossy compressed and saved as MP4
after being resized down to 256x256, causing the lower image quality.

Table 4.5: Comparison of I3D and F3D validation and test accuracies on different sign datasets.
A is the accuracy difference between 13D and F3D.

Dataset | Validation Accuracy | Test Accuracy
| 13D F3D A | I3D F3D A
AUTSL | 94.14 92.01 2.13 | 94.04 91.48 2.56

MSASL-100 | 80.67 78.69 1.98 | 83.38 82.58 0.80
MSASL-1000 | 57.88 55.13 2.75 | 61.26 59.09 2.17

WLASL-100 | 78.11 77.22 0.89 | 77.52 68.99 8.53
WLASL-2000 | 48.31 43.13 5.18 | 46.77 39.89 6.88
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However, the underperformance on all datasets should not, in itself, disqualify F3D from
being potentially useful as a complimentary stream to the RGB stream, as there are instances
where F3D correctly classifies samples that 13D does not. What we aim to demonstrate is
that the reason F3D classifies these samples correctly, while I3D does not, is not because
motion is particularly discriminative for those classes.

Figure 4.4 illustrates this by comparing the difference in accuracy per class between
I3D and F3D on the validation set of AUTSL. Each bar represents (I3D accuracy) — (F3D
accuracy). Positive bars indicate the classes where I3D outperformed F3D, while negative
bars show the opposite. Absence of bar indicates that both models classified an equal portion

of samples in the class correctly.

Accuracy Difference (i3d - f3d) per Class

30%
20% -

ki |M||\ \
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Figure 4.4: Accuracy difference (I3D - F3D) per class on AUTSL validation set

As shown by the length of the negative bars in Figure 4.4, F3D outperformed 13D by a
margin of 20% to 23.6% in only two classes: #96 “medicine” and #75 “shirt”. However,
using the binomial exact test, this difference is not statistically significant, with p-values

of 0.21875 and 0.125 for classes #96 and #75, respectively, exceeding the significant level
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of 0.05. More importantly, the instances misclassified by I3D in these two classes were not
due to motion patterns being a key discriminative factor, as seen in classes #16 and #47
discussed in Section 4.2.

A key reason some instances are classified correctly by F3D but incorrectly by I3D is
the disregard of irrelevant features by optical flow, such as background or clothing. This
can be clearly demonstrated by their performance on class #107 “crossroads”, where F3D
classified all instances correctly while I3D misclassified three instances (resulting in a 15%
difference in accuracy). These three instances were all confused with class #123 “hug”.
Both “crossroads” and “hug” have similar motion patterns, but they differ in the shape of
the hands, where the hands are open for “hug” and closed for “crossroads”.

These three instances were all performed by the same signer wearing a black faux fur vest.
To visualize the region of the input influencing [3D’s incorrect classification of these instances,
we applied the Grad-CAM technique to both I3D and F3D for comparison (Figure 4.5). As
shown in the figure, most of the activation for class #107 in I3D corresponds to the black
vest region. Since this region is ignored by optical flow in F3D due to very low motion, class
#107 was correctly activated by the region between the hands in F3D. To further investigate
whether this influence occurred by chance, we trained I3D on AUTSL with masked input,
allowing only the region around the two hands in all input frames to appear. The bounding
boxes of the two hands were extracted by a pretrained HRNet [33] for its better skeleton
detection accuracy compared to Mediapipe. This masked-RGB-input 13D achieved 92.94%
accuracy on the validation set, a drop of 1.2 percentage points from the full-RGB-input I3D.
However, the new masked-I3D correctly classified all instances of class #107, including those
misclassified by I3D. As Grad-CAM shows in Figure 4.5, by masking the irrelevant feature
in the input (the black fur vest in this case), the class activation is triggered by the expected
region. This example supports our hypothesis that the filtering of irrelevant features by

optical flow explains why it outperforms I3D with full RGB input in some instances.
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RGB frames of a ”crossroads” sign, incorrectly classified by 13D

Grad-CAM shows that the misclassification was influenced by the black fur vest

Grad-CAM shows that I3D correctly focuses on the region of interest (hand crossing) when masking is applied

Grad-CAM shows that F3D correctly focuses on the region of interest (hand crossing) when using optical flow

Figure 4.5: A sample video from class #107 ”crossroads”, which is classified correctly by F3D but incorrectly by 13D. Grad-CAM
visualization on I3D (2nd row) reveals that the misclassification was influenced by the black fur vest. Masking irrelevant regions explicitly
in the RGB input (3rd row) or implicitly using optical flow (4th row) forces the network to attend to the correct region in the input (the
crossing of the hands).
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To summarize this section (4.3.1), while F3D underperformed I3D in overall accuracy,
its better performance in certain classes is not statistically significant. Even if we assume it
was significant, these classes are not characterized by motion patterns being a key discrim-
inative factor. Therefore, explicit motion learning cannot be considered as the reason for
this improvement. Instead, the role of optical flow can be viewed as filtering out irrelevant

features, much like the process of masking the input video.

4.3.2 Effect of Motion Components in Optical Flow

Given that training on the optical flow representation of sign videos did not result in
improvements for specific classes where motion patterns are expected to be important, this

raises two key questions.

1. Is retaining all motion components in optical flow necessary to maintain the same level

of overall accuracy?

2. What aspect of optical flow representation contribute meaningfully to the overall ac-

curacy of sign recognition?

To answer these questions, we conduct ablation study on AUTSL dataset by training
F3D on different components of the optical flow, including magnitude only, direction only,
and masked (thresholded) magnitude.

The optical flow extracted by the RAFT model [56] consists of two channels, which
represent the horizontal (x) and the vertical (y) components of the estimated movement from
frame; to frame,,; at each pixel location. An alternative but equivalent representation is
the magnitude-direction format, often used for visualizing optical flow, where magnitude
is represented by pixel intensity and the direction (angle) by color. The magnitude and

direction can be calculated from the X-Y format as follows:

Magnitude = 4/(vZ + v2) (4.5)
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Direction = 6 = arctan <@> (4.6)

Vg
where v, and v, represent the horizontal and vertical components of the flow, respectively,
and 6 is the direction (angle) of the movement in radians.

In this ablation study, we compare the classification accuracy of five models.
1. F3D with both input channels for horizontal and vertical components.

2. F3D with both input channels for magnitude and direction of motion.

3. F3D with single input channel for magnitude of motion.

4. F3D with single input channel for masked (binary) magnitude.

5. F3D with single input channel for direction of motion

Figure 4.6 shows examples of input representation for each of these models. The training

of these five models differs from the F3D model in Section 4.3.1 in the following aspects.

e For a fair comparison between the five models, they are trained from scratch, without

pretraining on Kinetics dataset, due to lack of availability of pretrained single-channel

F3D model.

e Since training F3D models is very time-consuming and resource-intensive due to the
computational cost of the large RAFT, we train on 224x224 crops sampled normally
from 384x384 resized frames from the original resolution, instead of training on 256x256
crops sampled normally from 512x512. During inference, we measure accuracy using

256x256 center crop instead of 320x320 center crop.

All other aspects of the training pipeline remain the same, including the number of frames
in a crop (64), the batch size (32), the number of epochs (40), the learning rate (1 x 1073%),
and Adam optimization with one-cycle scheduling. Table 4.6 shows the results of the models

on the test set of AUTSL.
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RGB frames of a ”"garden” sign

Optical flow showing both magnitude (visualized as intensity) and direction (visualized as color)

A AANAANA

Optical flow magnitude only

A AAANN

Optical flow magnitude converted to a binary mask (magnitude threshold = 0.5)

Optical flow direction only

Figure 4.6: Optical flow visualizations of a sample video from class #21 ”garden”. Motion direction (angles) is visualized as color while
motion magnitude as pixel intensity. The primary value of optical flow in SLR is its masking (segmentation) property.
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Table 4.6: Performance comparison on AUTSL test set of F3D models trained on different flow
input channels.

Input Flow Channels ‘ Per-instance Per-class Top-5 p-value
X and Y (baseline) 85.52 85.43 98.05 -
Magnitude and Direction 85.14 85.02 98.08 0.4389
Magnitude only 85.7 85.58 98.02 0.7424
Masked Magnitude only 82.58 82.48 96.39 524 x 1077
Direction only 81.59 81.53 96.71 4.03 x 1072

The results in Tables 4.6 shows that removing the direction channel and using only the
magnitude (speed) channel does not change the overall accuracy compared to the baseline,
and any small difference is likely due to chance (p-value=0.7424). This is a significant
finding, yet it is counter intuitive for two reasons. First, direction information conveys the
trajectory of hand movement, which is crucial for distinguishing between signs that may
have similar shapes or positions but different movement paths. Second, the speed of motion
(magnitude of displacement per two consecutive frames) is rarely as distinguishing factor
as direction of motion. Despite this, the experiment show that classification based solely
on magnitude (speed) yields the same overall accuracy (about 85%) as the baseline, while
classification based solely on direction noticeably degrades accuracy, achieving only 81.59%.
This casts doubt on the notion that optical flow is useful for sign recognition due to its
explicit representation of motion since the removal of the most important component of
motion (direction) did not impact the accuracy.

Our hypothesis to explain why classification with only magnitude performs as well as
classification using both X and Y channels (baseline) or both magnitude and direction is
that magnitude effectively indicates where the motion occurs in the frame. Such information
is what is most relevant to sign recognition because static objects, such as the background
or non-moving parts of the body, are often not relevant to sign identification. To test this
hypothesis, we convert the magnitude channel into a binary mask, disregarding all speed

information from the pixels. In this mask representation, a value of 1 indicates that motion
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occurs at a pixel, while a value of 0 indicates the absence of motion (Figure 4.6). During
training, a threshold is chosen randomly for each video at every training step from the
interval [0, 1] and applied to the magnitude channel to obtain the binary mask channel, such

that:

1, if magnitude(p) > threshold
mask(p) = (4.7)

0, otherwise
where p represents the pixel. During inference (test), we use a constant threshold value of
0.5 for all videos.

As the result in Table 4.6 shows, training F3D on the binary mask channel alone achieves
an overall accuracy of 82.58%, not too far from the full optical flow baseline (85.52%). This
provides strong evidence that the primary value of optical flow in sign recognition lies in its
masking properties. In other words, its ability to filter out irrelevant pixels, which in sign
language typically corresponds to those with little or no motion.

This masking hypothesis can also explain why training on the flow direction channel alone
achieves 81.59%, when it was expected to perform much worse, given that magnitude alone
achieves similar performance to magnitude + direction, suggesting the direction channel adds
no value to the classification. However, from the perspective of the masking hypothesis, the
direction channel can be viewed as a way to “segment” a moving region (such as a moving
arm) since pixels in that region move in the same direction and thus have similar angle
values (visualized as similar color in last row of Figure 4.6). This consistency in direction
provides a strong signal to the convolutional network to distinguish the moving region from
the inconsistent noisy background (with varying angle values visualized as different colors).

In conclusion, the ablation study in this section further supports the findings from Sec-
tion 4.3.1, providing additional evidence for our proposed masking hypothesis: that the pri-
mary value of optical flow lies in its ability to segment relevant regions for sign recognition
(i.e. moving regions) rather than improved learning of motion patterns. The 3D convolu-

tional architecture used in models like F3D, I3D, or R3D already effectively learns motion
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patterns from the sequence of input frames, regardless of input modality—whether RGB,
depth, or optical flow. This finding is significant because achieving similar segmentation
functionality through computationally cheaper methods than optical flow could improve the

efficiency of multi-stream architecture for sign recognition without compromising accuracy.

4.4 Results of Skeleton-Based Sign Recognition

In Sections 4.2 and 4.3, we analyzed the impact of 3D convolutional networks (slow fusion)
on sign recognition using RGB input and optical flow extracted from RGB, respectively. With
raw RGB input, no a priori assumption is made about which pixels in the input are most
relevant to sign recognition. However, with optical flow input, the neural network is trained
under the assumption that the most relevant pixels for sign recognition are those that are
in motion, regardless of any other properties (e.g., color).

Skeleton-based sign recognition, on the other hand, operates under the assumption that
the most relevant features for sign recognition are the relative positions of body joints and
how their positions change over time. To contrast skeleton data with optical flow, skeleton
can be viewed as an extreme form of segmentation, where the key features are individual
points (e.g., joint locations) rather than broader regions of pixels (e.g., the arm region). Un-
like optical flow, skeleton-based recognition often benefits from a much lower computational

cost in the second stage since it processes a defined set of joints rather than dense pixel data.

4.4.1 Performance of Skeleton Models

In this section, we examine the performance of structured and unstructured represen-
tations of skeleton points within each frame. For the unstructured representation, we use
a recurrent neural network (GRU) and a Transformer Encoder, where the coordinates of
all 31 joints in a frame are flattened into a single feature vector. As a result, each frame
is represented as a bag of features, with no prior knowledge provided to the model about

the relationships or connectivity between the joints. We consider the Gated Recurrent Unit
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(GRU) a solid baseline for comparison with other advanced skeleton-based models due to its
simplicity. We also experimented with bi-directional GRU but did not observe improvement
in accuracy over the standard GRU.

In the structured representation, each coordinate is associated with its respective joint,
and each joint is linked with its neighboring joints based on the skeleton connectivity of
the human body. Graph Convolutional Networks (GCN) are well-suited for this representa-
tion, where joints are represented as nodes and their connections as edges. Specifically, we
use Spatio-Temporal Graph Convolutional Network (ST-GCN) [85], developed originally for
action recognition, to learn both the temporal features across frames (similar to RNN and
Transformers) and the spatial features within each frame.

Tables 4.7, 4.8, and 4.9 show the top-1 accuracy of skeleton-based models on the val-
idation and test sets of AUTSL, MSASL, and WLASL, respectively, with no pretraining.
The Spatio-Temporal Graph Convolutional Network (ST-GCN) consistently outperforms the
GRU baseline by a significant margin in all datasets with the exception of WL100, where
its improvement is limited potentially due to the smaller number of training samples in this
split compared to others.

In contrast, the transformer encoder with unstructured representation outperformed the
GRU baseline only on the AUTSL dataset while achieving the worst performance on all other
datasets. We experimented with various hyperparameters, including the number of layers,
number of heads, feature dimensionality, dropout probability, and weight decay regulariza-
tion, but these adjustments did not lead to further improvement in the transformer model’s
accuracy.

Transformer encoders rely on a self-attention mechanism to model all pairwise interac-
tions in a sequence of frames. While this mechanism makes transformers more flexible, it
also makes them more “data-hungry” and, hence, more susceptible to overfitting when the
number of training samples is small. This explains why the transformer encoder outper-

formed GRU only in AUTSL, which has an abundant amount of training samples per class.
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Table 4.7: Results of skeleton models on AUTSL dataset.
baseline (GRU).

1.O.B. denotes improvement over

Model ‘ Validation ‘ Test

| Top-1 1.O.B. | Top-1 I1.0.B.
GRU (baseline) 85.08 0 81.53 0
Transformer Enc. | 89.18 +4.10 | 85.25 +3.72
ST-GCN 92.91 +7.83 | 92.49 +10.96

Table 4.8: Results of skeleton models on MSASL-100 and MSASL-1000 datasets

\ | MSASL-100 | MSASL-1000
odel
Validation Test Validation Test
Top-1 1.O.B. | Top-1 I1.O.B. | Top-1 I1.0.B. | Top-1 1.0.B.
GRU (baseline) 69.97 0 76.99 0 45.57 0 48.96 0
Transformer Enc. | 68.38 -1.59 | 71.14 -5.85 | 44.95 -0.62 | 4853 -0.43
ST-GCN 76.81 +6.84 | 79.92 +2.93 | 54.15 +8.58 | 58.22 +9.26

Table 4.9: Results of skeleton models on WLASL-100 and WLASL-2000 datasets

M | WLASL-100 | WLASL-2000
odel
Validation Test Validation Test
Top-1 1.O.B. | Top-1 1.O.B. | Top-1 I1.O0.B. | Top-1 1.0.B.
GRU (baseline) 76.63 0 71.32 0 41.24 0 39.33 0
Transformer Enc. | 74.56 -2.07 | 69.77 -1.55 | 3851 -2.73 | 36.59 -2.74
ST-GCN 78.11 +1.48 | 73.64 +2.32 | 49.03 +7.79 | 48.37 +9.04

In contrast, GRU processes data in a recurrent fashion, updating each hidden state from

the previous hidden state and sharing the model’s parameters across all time steps. This

inductive bias constrains the GRU model’s flexibility but enables more efficient learning from

smaller datasets.

ST-GCN uses an adjacency matrix to represent the connectivity of joints in the human

skeleton, hence introducing an inductive bias by limiting connections to physically relevant

joints (sparse representation). Moreover, sharing weights in spatial convolutions across nodes

and temporal convolutions across frames further enhances its inductive bias. The fact that
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ST-GCN architecture outperforms transformers and GRU in both cases of many training
samples per class (as with AUTSL dataset) and a relatively few training samples per class
(as with MSASL and WLASL datasets) strongly suggests the usefulness of the structured

representation and the inductive bias in ST-GCN for skeleton-based sign recognition.

4.4.2 Impact of Temporal Aspects in ST-GCN

In Section 4.2 we demonstrated the significant impact of slow fusion (e.g., 3D convolu-
tion) over late fusion (2D convolution + average pooling at the end) for RGB-based sign
recognition. We can perform a similar type of ablation study on ST-GCN by reducing the
kernel size of its temporal convolution from 9 to 1, effectively eliminating convolution across
time. This spatial-only GCN processes each frame’s skeleton separately, then applies aver-
age pooling across all nodes and all frames before the classification layer. By removing the
temporal convolution, the model’s accuracy drops significantly from 92.91% to 81.21%. This
demonstrates that slow fusion is just as crucial for skeleton-based sign recognition as it is for
RGB-based sign recognition. Fortunately, retaining the temporal convolution in ST-GCN is
much less computationally costly than keeping the temporal convolution in 3D ResNet.

In addition to training on skeleton data, ST-GCN can also be trained on skeleton motion
data with no change to its architecture. Skeleton motion data represents the amount of
displacement of each joint between every two consecutive frames, similar to how optical flow
represents the amount of displacement of each pixel between every two consecutive frames.
Skeleton motion data is calculated from skeleton data by subtracting joints’ coordinates
of frame ¢ from frame ¢ + 1, which is a much simpler and straightforward process than
computing optical flow from RGB frames. This makes skeleton-motion-based recognition
an attractive choice as a second stream to skeleton-based models for action recognition as
proposed in [102]. In our experiment, training ST-GCN model on skeleton motion achieves
90.92% accuracy on AUTSL dataset, a drop of only 2 percentage points from the ST-GCN

model in Table 4.7. However, this drop in accuracy becomes significantly larger in MSASL
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and WLASL, achieving worse accuracy than the transformer encoder. Therefore, we do not

use the skeleton motion stream due to its inconsistent performance across the datasets.

4.4.3 Comparison with RGB models

One potential cause for this inconsistency is the quality of the skeleton extracted by the
first stage (MediaPipe module), where hand detection is sometimes missed (false negative).
This occasionally happens in AUTSL dataset (see the last example in Figure 3.8, Chapter 3),
but it occurs more frequently in MSASL and WLASL, as they have lower data quality than
AUTSL. In general, skeleton models tend to underperform RGB models in sign recognition

for two reasons.

1. Missed hand detection and imprecise localization of skeleton joints, especially when us-
ing lightweight, real-time modules such as MediaPipe. Even if, in theory, the ST-GCN
model achieves optimal learning (minimal bias and variance errors), the measurement
noise in the extracted skeleton data likely contributes meaningfully to the model’s

error.

2. RGB models (e.g., R3D and I3D) are less affected by input distortions than skeleton
models, as they rely on rich visual cues from entire regions of pixels (e.g., hand) rather
than individual points. However, RGB models face a different kind of noise in the form
of irrelevant input features, such as background objects, clothing, or hair color. As a
result, RGB models must do the additional work of filtering out these distractions to
extract the relevant signal. In contrast, ST-GCN receives a more direct estimation of
the signal relevant to the task (the skeleton), but this makes it highly dependent on

the quality of the input skeleton.

Therefore, combining the predictions from both RGB and skeleton models can mitigate
some of the weaknesses in each stream. We show the results and analysis of this combination

later in Section 4.6.
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4.4.4 Interpretability through Edge Importance Weighting

The adjacency matrix of ST-GCN, which describe how the nodes in the graph are con-
nected, is hard-coded based on the 31 skeleton landmarks we selected as the most relevant
for sign recognition. However, not all edges in the adjacency matrix are equally important
for sign recognition. Therefore, we apply edge importance weighting to allow the model to
learn the appropriate weighting of the edges between the nodes in the graph. While this
approach has been utilized to improve the performance of ST-GCN [85], we are not aware of
it being used as a visualization tool in the sign language and action recognition literature.
To address this gap, we propose the following method for visualizing the edge importance
weighting to enhance the interpretability of ST-GCN.

RY*N represent the spatial connections be-

Let the normalized adjacency matrix A; €
tween N joints in the skeleton (there are 31 joints) for each spatial partition & (e.g., root,
close, and further connections). For each layer [ of the ST-GCN model (there are 10 layers),
we also have learnable edge importance weighting matrices E,il) € RV*N where k refers to
the spatial partition and [ refers to the layer.

The weighted adjacency matrix A,(f) is computed by element-wise multiplication of the

normalized adjacency matrix A, by the edge importance weights E,(Cl) for that layer and

partition. This can be expressed as:
AY = A, 0 BY (4.8)

where ©® denotes the element-wise product.
To calculate the final edge importance for visualization purposes, the weighted adjacency
matrices are summed across all 10 layers and all 3 spatial partitions. This is expressed in

one step as:

3 10
Iﬁnal = Z Z (Ak O E](gl)> (49)

k=1 I=1
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We use the matrix Ig,, € RY*Y for visualization, with each entry Ig,.[j, m] representing
the total importance of the connection between joint j and joint m.

Figure 4.7 visualizes this matrix Ig,. as heat values between joints overlaid on a sample
frame from class #99 “push” in the AUTSL dataset. This weighting, however, is not specific
to a particular sign but represents a summary of what the model has learned as important

for the classification of signs across the entire training set.

Edge Importance

0.4

0.3

Figure 4.7: Visualization of the final edge importance matrix summarizing edge importance in
the dataset (mirrored image), where darker edges indicate higher importance.

Using the visualization of edge importance in Figure 4.7, we learn the following charac-

teristics of sign recognition in AUTSL dataset.

1. The weights from the base of fingers to the tip of fingers (i.e. right-hand edges: [10,11],
[12,13], [14, 15], [16,17], [18,19] and left-hand edges: [21,22], [23,24], [25,26], [27,28],
[29,30] ) are more important for sign recognition than the weights from the wrist to

the base of fingers (i.e. node 9 to nodes 10, 12, 14, 16, 18 and node 20 to nodes 21, 23,
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25,27, 29). This confirms that the learned graph representation in the ST-GCN model
matches the expected reality as the configuration of fingers is much more discriminative
for sign recognition than bones of the palm, whose movements are highly correlated

together.

2. The weights from the shoulders to elbows (edges [5, 7] and [6, 8]) are larger than the
weights from the elbows to wrists (edges [7, 9] and [8, 20]). This suggests that arm
movement is more significant for sign recognition than forearm movement. Moreover,
the model has learned to weigh the right arm (edge [5, 7]) more than the left arm
(edge [6, 8]), which is likely due to most signers being right-handed and performing

one-handed signs with their right hand while the left hand is at rest.

3. Edges [0, 1] and [0, 2] (nose to eyes) are weighted more than edges [0, 3] and [0, 4]
(nose to mouth). This finding is unexpected because the distance between the nose
and eyes does not change across the video frames, as it is a fixed property of the face.
However, one possible explanation is that the model might have learned to use edge
[0, 2] to infer other useful properties about the face positioning, such as whether the

face is tilted as performed in the sign for “pillow” (class #214).

While this visualization method provides valuable insights into the overall weighting of edge
importance across the entire sign language dataset, therefore improving model interpretabil-
ity, further insights could be gained from identifying the specific joints or bones that con-
tribute most significantly to the activation of individual classes, akin to the CAM visual-
ization for RGB and optical flow models. This approach could be useful for debugging to
better understand why the ST-GCN model misclassifies certain skeleton inputs. We leave

this for future work.
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4.5 Improving Performance with Transfer Learning

A key aspect of the training methodology we propose in this dissertation is hierarchal
transfer learning to improve the model’s performance. In our experiments, we consistently
observe better accuracy on the target sign dataset when initializing the model’s weights using
a pre-trained model from Kinetics—a large action recognition dataset— than by random
weight initialization. This finding aligns with established results in the action recognition
literature. However, we also introduce an intermediate level of pre-training, where the model
is subsequently trained on a large-scale sign recognition dataset (distinct from the target
dataset) before being trained on the target sign dataset. Our approach is inspired by Carreira
et al. [2], where the model was pretrained on both ImageNet and Kinetics datasets before the
target action dataset. We refer to this three-step training process as coarse-to-fine training.

In summary, the model is
1. initially trained on a general action recognition dataset (e.g., Kinetics),
2. then trained on a large sign language dataset (distinct from the target dataset),
3. and finally, trained on the target sign language dataset intended for model evaluation.

The rationale for this progression is to first allow the model to learn fundamental spatial and
temporal features useful for general action recognition tasks. Then, the model adapts these
spatiotemporal features to learn higher-level, domain-specific features for gesture recognition.

Lastly, the model is fine-tuned to learn the specific nuances of the target sign language.

4.5.1 Ablation Study

The ablation study we provide in Tables 4.10 and 4.11 examines the effect of different
components of this multi-level training process. Table 4.10 shows that training I3D on Kinet-
ics400 or AUTSL improves the accuracy by a significant margin (about 12 percentage points)

compared to training with random weight initialization (first row). However, pretraining on
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Kinetics, followed by AUTSL, results in the best accuracy on MSASL1000, achieving 66.90%

on its test set.

Table 4.10: Ablation of transfer learning from Kinetics and/or AUTSL to MSASL-1000

Trained on Trained on ‘ Trained on MSASI, 1000
Kinetics400 AUTSL Per- Per-class Top-5
instance accuracy accuracy
accuracy
X X 48.24 43.87 70.27
v X 61.26 57.29 80.74
X v 61.60 5R.77 81.46
v v 66.90 63.45 84.69

Table 4.11: Ablation of transfer learning from Kinetics and/or MSASL-1000 to AUTSL

Trained on Trained on ‘ Trained on AUTSL
Kinetics400 ~ MSASL1000 Per- Per-class Top-5
instance accuracy accuracy
accuracy
X X 91.56 91.56 98.96
v X 94.04 94.07 99.36
X v 89.82 89.79 98.08
v v 94.52 94.53 99.25

In Table 4.11, we swap the intermediate and target sign language datasets. Pretraining
I3D on Kinetics still provides a noticeable improvement for AUTSL (about 2.5 percentage
points) over no pretraining. However, pretraining on MSASL1000, either alone or after Ki-
netics, does not yield statistically significant improvements in AUTSL accuracy. This is
likely due to the low density (number of training videos per class) in MSASL.1000. Although
MSASL1000 has 1000 classes, which is significantly more than Kinetics (400 classes) and
AUTSL (226 classes), MSASL1000 has an average of 14 training videos per class—much

fewer than AUTSL (124 training videos per class) and Kentics400 (600 training videos per
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class). The low training samples per class in MSASL1000 caused I3D to overfit its training
set, reducing the usefulness of the learned features for generalization and transfer learn-
ing. Therefore, for coarse-to-fine transfer learning to show meaningful improvement, we
recommend pretraining on datasets—in the first and second steps—that have both a large
total number of training samples (high mass) and a high number of samples per class (high
density).

To further analyze the impact of pretraining on test accuracy as a function of the number
of training samples per class, we grouped the 1000 classes in MS-ASL datasets into five bins
based on their number of training samples (Figure 4.8). Each bin contains three bar charts
representing different pretraining conditions: no pretraining, pretraining on Kinetics, and
pretraining on Kinetics followed by AUTSL. These bar charts show the average accuracy for

all classes whose number of training samples falls within the corresponding range: [0, 10),

[10, 20), ... , [40, 50).

No pretraining
N pretrained on Kinteics

80 - pretrained on Kinteics then on AUTSL
60
40 A
20 I
0

0<=N<10 10<=N<20 20<=N<30 30<=N<40 40<=N<50
Number of Training Samples (N) per Class

Average Test Accuracy (%)

Figure 4.8: Average test accuracy vs number of training samples per class (MS-ASL1000 dataset)
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The following key observations can be drawn from Figure 4.8.

1. The test accuracy of a class, on average, is positively correlated with the number of
training samples in the class, regardless of the pretraining condition. This explains
why the overall test accuracy of MSASL1000 is moderate, as the majority of classes in

the dataset (78%) fall within the first two bins: [0, 10) and [10, 20).

2. Pretraining, whether on Kinetics or Kinetics+AUTSL, constantly improves the average
accuracy across all bins compared to no pretraining. However, the improvement in
average accuracy for the last bin [40, 50) is less significant than for earlier bins. This
suggests a diminishing return from transfer learning as the number of training samples

per class increases.

3. Similarly, pretraining Kinetics+AUTSL consistently improves the average accuracy
over pretraining on Kinetics alone. This aligns with the findings from the ablation
study in Table 4.10. A similar diminishing return can be observed between the blue
and orange bars, where the earliest bins benefit more, on average, from additional

pretraining on AUTSL than later bins.

In summary, the results shown in Figure 4.8 illustrate the important role of the number of
training samples per class on test accuracy and on the margin of improvements introduced

by transfer learning.

4.5.2 Results of All Models

The results discussed in Section 4.5.1 pertain to a single model (I3D) using one modality
(RGB). Table 4.12 summarizes the accuracy results on AUTSL dataset for all models. In
this table, I3D, R3D, and F3D are pretrained on Kinetics only, while ST-GCN is trained
from random weight initialization due to the lack of available Kinetics weights for ST-GCN.
To evaluate whether the benefit of pretraining on AUTSL dataset, in addition to Kinetics,

extends to other modalities such as optical flow and skeleton, we compare the test accuracy
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Table 4.12: Test accuracy of all models on AUTSL dataset

Model Per-instance Per-class Top-5
RGB — 13D 94.04 94.07 99.36
RGB — R3D 95.38 95.38 99.36
RGB — Flow — F3D 91.48 91.38 98.80
RGB — Skeleton — ST-GCN 92.36 92.26 98.77

Table 4.13: Test accuracy of all models on the MSASL-100 and MSASL-1000 datasets. [X], [v'],
and A denote results without pretraining on AUTSL, with pretraining on AUTSL, and the accuracy
difference between them, respectively.

| MSASL-100 | MSASL-1000
Model
Per-instance Per-class Per-instance Per-class
X v X v A X v X v A

13D 83.38 &5.77 | 83.69 86.55 +2.86 | 61.26 66.90 | 57.29 63.45 +6.16
R3D 83.78 86.17 | 84.30 87.26 +2.96 | 61.04 65.72 | 56.93 62.58 +5.65
F3D 82.58 86.97 | 82.94 87.43 +4.49 | 59.09 61.07 | 55.36 57.30 +1.94
ST-GCN | 80.85 83.24 | 82.11 84.17 +2.06 | 60.58 63.93 | 57.73 62.53 +4.80
Avg A | +3.09 | +4.64

Table 4.14: Test accuracy of all models on WLASL-100 and WLASL-2000 datasets. [X], [v], and
A denote results without pretraining on AUTSL, with pretraining on AUTSL, and the accuracy
difference between them, respectively.

| WLASL-100 | WLASL-2000
Model
Per-instance Per-class Per-instance Per-class
X v X v A X v X v A

13D 77.52 8256 | 78.02 8255 +4.53 | 46.77 52.88 | 43.80 50.32 +6.52
R3D 79.07 80.23 | 79.80 &80.17 +0.37 | 47.78 53.09 | 45.24 51.08 +5.84
F3D 68.99 75.97 | 68.97 76.30 +7.33 | 39.89 4298 | 37.09 40.27 +3.18
ST-GCN | 77.13 78.68 | 78.00 79.38 +1.38 | 49.10 52.57 | 46.49 50.18 -+3.69
Avg A | +3.40 | +4.81
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of each model with (v') and without (X) pretraining on AUTSL, as shown in Tables 4.13
and 4.14.

Tables 4.13 and 4.14 show that the additional training step on AUTSL improves accuracy
for both RGB models (I3D and R3D), the optical flow model (F3D), and the skeleton model
(ST-GCN) on both the MSASL and WLASL datasets, as well as their respective splits.
The effect of diminishing returns is noticeable, as the higher-density splits (MSASL-100
and WL-ASL100) show average improvements of 2 — 3 percentage points, which is slightly
lower than the 4 percentage points average improvement observed for the lower-density splits
(MSASL-1000 and WLASL-2000).

The results in this section demonstrate that feature learning can effectively transfer across
different sign languages. In this case, the features learned from AUTSL (a Turkish sign
language dataset) were beneficial for learning features in American sign language datasets
such as MSASL and WLASL, across various modalities. We intentionally avoided transfer
learning between the two American sign language datasets (MSASL and WLASL) because
some videos in the training set of one dataset appear in the test set of the other. This overlap
could falsely suggest improved accuracy due to transfer learning, when in reality, the gains
would result from training and testing on the same instances.

The four models shown in Table 4.12, as well as those with additional pretraining on
AUTSL (v') in Tables 4.13 and 4.14, will be used to construct and evaluate multi-stream

networks, as discussed in the following sections.

4.6 Results of Two-Stream Networks

By comparing the results of single-stream 3D convolutional RGB models (I3D and R3D),
the optical flow model (F3D), and the graph convolutional skeleton model (ST-GCN), we ob-
serve that pre-trained RGB models almost consistently outperform optical flow and skeleton
models across different datasets and splits. This raises the question of whether using one or

two RGB models is sufficient for sign recognition, or if there is a unique value in combining
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multiple modalities that justifies the extra computational overhead—a key research question

of this dissertation. In particular, this section investigates the following questions.

1. How much improvement in accuracy over the single-stream baseline is achieved by
adding additional streams to the network? Does this gain justify the added computa-

tional cost?

2. What combination of streams consistently yields the best accuracy for sign recognition,

and how does that relate to the error correlation between the streams?

3. Do the results support the hypothesis that certain signs are better recognized by a

specific stream/modality?

To address these questions, we begin by examining two-stream networks, which integrate
predictions from two models. This analysis will then extend to three-stream networks in
Section 4.7, providing a comprehensive view of all possible combinations.

The stream fusion results presented previously in Chapter 3 (Table 3.2) are based on
a specific stream combination (GCN and I3D models) for a single dataset (MSASL-1000).
However, there are *C, = 6 possible combinations to form a two-stream network from the
four models: 13D, R3D, F3D, and ST-GCN. We evaluate all two-stream combinations across
all datasets to gain better confidence in any conclusions.

Tables 4.15, 4.16, and 4.17 report the test results of the six possible two-stream networks
formed from the four models on AUTSL, MSASL, and WLASL datasets, respectively. All
listed a* values were found using grid search to maximize the validation accuracy. We do
not use the training set to search for the fusion weights a* because the training accuracies
of all models are already high. We use the 13D model as our single-stream baseline due to
its high accuracy and relatively lower computational cost compared to other models. For
any two-stream network, its Improvement Over Baseline (I.O.B.) metric is thus defined as

the difference between its accuracy and the I3D model accuracy. The reduction in error rate
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Table 4.15: Test accuracy of two-stream networks on AUTSL dataset. 1.0.B. denotes the im-
provement over the single-stream baseline (I3D). % Error represents the reduction in the error rate
compared to the baseline (I3D). a* is the fusion weight for the first stream. ”Corr.” refers to the
error correlation between the two streams.

Streams ‘ AUTSL
#1 #2 ‘ o Top-1 1.O0.B. % Error | Top-5 Corr.
3D - 94.04 - - 99.36

I3D  R3D | 045 9588 +1.84 30.94 99.76  0.58

F3D I3D |0.45 9487 +0.83 13.90 99.57  0.50
F3D R3D | 0.36 96.26 +2.22 37.22 99.68 0.42

GCN I3D | 0.27 96.50 +2.46 41.26 99.71 0.31
GCN R3D | 0.17 9719 +3.15 52.91 99.73  0.29
GCN F3D | 045 9591 +1.87 31.39 99.76  0.32

Table 4.16: Test accuracy of two-stream networks on MSASL-100 and MSASL-1000 datasets

Streams | MSASL-100 | MSASL-1000
#1  #2 | o Top-l LOB. Top-5 Corr.| o Top-l1 1.O.B. Top-5 Corr.
13D - 85.77 - 95.88 66.90 84.69

I3D R3D | 046 8856 +2.79 9734 0.63 |0.60 70.23 +3.33 87.15 0.64

F3D I3D | 052 88.96 +3.19 9681 0.55 |0.39 70.20 +3.30 87.17 0.56
F3D R3D | 033 9029 +4.52 9734 055 | 030 69.99 +3.09 87.22 0.55

GCN I3D | 036 9215 +6.38 97.61 040 | 0.29 7420 +7.30 90.02 047
GCN R3D | 037 9149 +5.72 9747 043 | 038 74.06 +7.16 89.30 0.47
GCN F3D | 048 9149 +5.72 9721 038 |0.38 74.06 +7.16 89.51 0.43

Table 4.17: Test accuracy of two-stream networks on WLASL-100 and WLASL-2000 datasets

Streams | WLASL-100 | WLASL-2000
#1 #2 ‘ o  Top-1 1.O.B. Top-5 Corr. ‘ o Top-1 1.O.B. Top-5 Corr.
3D - 82.56 - 92.64 52.88 83.81

I3D R3D | 0.18 8217 -0.39 9535 0.52 |0.49 56.22 +43.34 87.28 0.63

F3D I3D | 050 83.72 +1.16 9535 039 |0.25 5549 +42.61 86.87 0.53
F3D R3D | 050 84.11 +1.55 9496 045 |0.28 5549 +42.61 86.66 0.52

GCN I3D | 039 8721 +4.65 9535 0.36 | 041 60.46 +7.57 91.07 048
GCN R3D | 0.29 87.21 +4.65 9535 0.38 |0.38 60.39 +7.51 90.69 047
GCN F3D | 0.28 84.88 +2.33 94.19 0.31 | 0.52 58.69 +5.80 89.40 0.41
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from the baseline model (% Error |) is calculated as follows:

baseline error rate — two-stream error rate
%Error Reduction = _ x 100 (4.10)
baseline error rate

where the error rate is defined as 100—(top-1 accuracy).

We include this measure in Table 4.15 (for AUTSL dataset) because the top-1 accuracies
of the combined streams on AUTSL dataset are in the high 90s, so the reduction in error
rate is more meaningful metric than percentage point improvement in accuracy (I1.0.B.).

The error correlation (Corr.) column is used as a measure of diversity in the two-stream
ensemble, which we calculate in two steps. First, the multi-class predictions for both models

are converted into binary error vectors e*) = {egk) MY defined element-wise as follows:

Lt #
e = (4.11)

0 if 3" =y

where k denotes the model index in the two streams (k = 1 for the first model, k¥ = 2 for

k)

the second model), Qg is the predicted class label for instance ¢ by the k-th model, y; is the

true class label for instance 7, and egk) indicates if the k-th model’s prediction for instance :
is incorrect (1) or correct (0).
Then, we apply Matthew’s Correlation Coefficient (MCC) [103] to the binary error vectors

e and e® to measure the error correlation between the two streams as follows:

(TP-TN)— (FP-FN)

MCC =
V(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

(4.12)

where
e T'P: Number of true positives (both models agree on errors).

e T'N: Number of true negatives (both models agree on correct predictions).
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e F'P: Number of false positives (model 1 predicts correctly, model 2 predicts incor-

rectly).

e ['N: Number of false negatives (model 1 predicts incorrectly, model 2 predicts cor-

rectly).

Note that MCC here is equivalent to Pearson’s Correlation Coefficient for binary variables
(Phi coefficient).

The results in Tables 4.15, 4.16, and 4.17 reveal the following findings.

e Increased 1.0.B. with Task Complexity: As the learning task becomes more
challenging, with a larger number of classes and fewer training samples per class, we
observe slightly better improvement over baseline (I.O.B.). This trend can be seen
in the increasing improvements from AUTSL to MSASL-100/WLASL-100 to MSASL-
1000/ WLASL-2000.

e Skeleton Stream’s Advantage in Accuracy Gains: The largest accuracy im-
provement over the single-stream baseline (I3D) consistently occurs when combining a
skeleton stream (GCN) with an RGB stream (I3D or R3D). While combining an opti-
cal flow stream (F3D) with an RGB stream improves top-1 accuracy by approximately
1 —4 percentage points, adding a skeleton stream to an RGB stream increases accuracy
by around 4 — 7 percentage points on the MSASL and WLASL datasets, and achieves

a 41 — 53% reduction in error rate on the AUTSL dataset.

¢ Limited Benefit of Optical Flow Stream with RGB: Although combinations like
[F3D, I3D] or [F3D, R3D] show improvement over the single-stream baseline, they do
not improve accuracy over the two-stream single-modality combination [I3D, R3D] by
a meaningful margin. This suggests that the use of an optical flow stream with an RGB
stream may not be justified, because it introduces additional computational overhead

from the optical flow extractor without significant accuracy improvement over [I3D,

R3D).
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e Influence of Error Correlation on Ensemble Accuracy: The accuracy of a two-
stream network depends on both the accuracy of the individual streams and the corre-
lation of their errors. Two-stream networks with lower error correlation, such as RGB
and skeleton combinations, exhibit more diversity in their predictions which increases
the potential for improvement, as one stream can correct some of the false predic-
tions made by the other. By contrast, streams of the same modality (e.g., 13D and
R3D) tend to have higher error correlation, resulting in less diversity and an increased

likelihood of similar misclassifications.

Based on the presented results, we recommend using [GCN, I3D] as the two-stream
network for sign recognition since it achieves high accuracy relative to other combinations

while minimizing computation (FLOPs), given that 13D is a lighter RGB model than R3D.

Quantitative and Qualitative Analysis

The improvement achieved by the two-stream ensemble (e.g., [GCN, I13D]) over the single-

stream baseline (I3D) can be broken down into the following components.

1. Exclusive Ensemble Gain: Number of samples that are correctly classified only by
the ensemble, but misclassified by both I3D and GCN.
N
[EnsembleCorrect (i) A =I13DCorrect(i) A “GCNCorrect(i)] (4.13)

=1

2. GCN-based Ensemble Gain: Number of samples that are correctly classified by
both GCN and the ensemble, but misclassified by I3D.

N
Z [EnsembleCorrect (i) A GCNCorrect (i) A =I3DCorrect(i)] (4.14)

=1
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3. Ensemble Loss: Number of samples that are correctly classified by 13D, but misclas-

sified by both GCN and the ensemble.

N
Z [I3DCorrect(z) A “GCNCorrect(i) A ~EnsembleCorrect(i)] (4.15)
i=1

where N is the total number of samples in the test set, and EnsembleCorrect(i), GCNCorrect(i),
and I3DCorrect(i) return true if the test sample ¢ is correctly classified by the respective
model, and false otherwise. The Iverson bracket [ ] returns 1 if the condition inside it is true,
and 0 otherwise.

The total ensemble gain is the sum of the two types of ensemble gains:
Total Ensemble Gain = Exclusive Ensemble Gain + GCN based Ensemble Gain  (4.16)
The net gain of the ensemble is calculated as follows:
Ensemble Net Gain = Total Ensemble Gain—Ensemble Loss (4.17)

For convenience, we expressed the decomposition in Eqs. 4.13, 4.14, 4.15, and 4.16 using
the [GCN, I3D] combination as an example. However, the same three-component decompo-
sition applies to any two-stream network combination by replacing GCN with Stream1 and
I3D with Stream2.

It is worth noting that if both streams classify a sample correctly, their ensemble will
always classify it correctly, regardless of the fusion weighting. Therefore, such cases are not
counted in the ensemble improvement decomposition.

The ensemble improvement decomposition can be further broken down by class, as shown
in Figure 4.9. The top of Figure 4.9 illustrates the number of samples per class classified
correctly only by I3D (cyan bars) or only by GCN (red bars), without the ensemble. The

bottom of Figure 4.9 shows the ensemble’s effect as follows.
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Figure 4.9: Decomposition of ensemble gains and losses per class on AUTSL dataset.
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e 97 samples are GCN-based ensemble gains. These samples were previously in the red
bars in the top figure, correctly classified only by GCN, but are now correctly classified

by the ensemble as well (dark blue bars).

e 10 samples are exclusive ensemble gains. These samples were classified incorrectly by
both I3D and GCN as single models but are now correctly classified by the ensemble

(green bars).

e 15 samples are ensemble losses. These samples are classified correctly by I3D but are

now misclassified by the ensemble (orange bars).

The total net gain is 97 + 10-15 = 92 samples out of 3,742 total samples in the AUTSL
test set, which is a 2.46% improvement over the baseline, matching the 1.0.B. value reported
in Table 4.15 for [GCN, I3D].

Figure 4.9 shows that the maximum gain or loss per class did not exceed 4 samples.
Although this is not statistically significant enough to conclude that the ensemble is par-
ticularly beneficial for certain classes of signs compared to the baseline, examining the new
samples classified correctly or incorrectly by the ensemble from quantitative and qualitative
perspectives can provide insight into the factors behind these outcomes. In the following
analysis, we take a closer look at the ensemble gain in class #76 and the ensemble loss in
class #148 on AUTSL dataset, where the [GCN, I3D] ensemble demonstrated its maximum
gain and loss, respectively.

The left column of Figure 4.10 (first row) shows a sample of class #76 “see” that was
correctly classified by the GCN stream, but misclassified by the I3D stream as class #22
“look”. The signer holds up two fingers in “see” but one finger in “look.” In this instance,
the second finger was partially obscured by the index finger, leading the RGB stream (I3D)

to incorrectly perceive the two fingers as one.
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“see” sign missclassified by 13D stream as example of “look” sign
“look” sign

e I Ry

“they” sign missclassified by GCN stream as example of “pencil” sign
“pencil” sign

example of “lightweight” sign

“heavy” sign missclassified by both 13D and GCN
streams as “lightweight” sign

Figure 4.10: Challenging cases for I3D and GCN streams. Left column: the original sign. Right
column: what the stream confused it with.
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Table 4.18 demonstrates how the weighted ensemble classified this instance correctly from
a numerical perspective. By weighting the GCN logit with ageny = 0.27 and the 13D logit
with 1 — ageny = 0.73 for both classes (#76 and #22), the resulting ensemble logit for class
#76 (1.4921) is greater than that for class #22 (1.4266), making class #76 the top prediction

of the ensemble.

Table 4.18: Examples of the ways the weighted combinations of logits affect the final prediction.

I3D stream GCN stream Ensemble
(agen = 0.27)
Class# | Logit | Class# | Logit | Class# | Logit
GCN-based Top prediction | 22 1.0268 76 | 95812 | 76 1.4921
Ensemble Gain
(Class#76) Contender 76 -1.4998 22 2.5075 22 1.4266

(Class#148)

Contender 103 | -0.2091 | 148 |3.2808 | 148 | 0.9926
Exclusive | 7o, prediction | 136 | -0.4694 | 93 | 7.2144 | 42 | 0.7019
Ensemble Gain
(Class#42) Contender 42 -0.5818 42 4.1726 136 0.2758
No Change Top prediction | 79 | 1.2066 | 79 | 7.5471| 79 | 2.9186
(Class#6) Contender 194 | -1.0480 | 136 | 21738 | 194 | -0.1818

A contrasting example is given in the second row of Figure 4.10, where a sample from
class #148 “they” was classified correctly by the I3D stream but misclassified by the GCN
stream as class #103 “pencil.” Both classes have similar hand shape (index finger extended),
but differ in their motion. The sign for “they” includes a 3D circular motion, while the sign
for “pencil” involves a 2D left-right motion. Our skeleton representation includes vertical
and horizontal coordinates but lacks a depth coordinate, making it challenging for the GCN
stream to distinguish between circular and linear motions. Notably, the fact that the 13D
model can differentiate between these two signs further supports that an optical flow stream
is not required, even for such subtle distinctions.

Although this instance was correctly classified by I3D, it was misclassified by the ensemble

due to the weighting of logits from the two streams, as shown in Table 4.18. The difference
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between the GCN logits for classes #103 and #148 is significantly larger than that of 13D, so
even a 0.27 weighting of the GCN logit caused the resulting ensemble logit for the incorrect
class #103 (1.9227) to be higher than that for the correct class #148 (0.9926). While
adjusting the weight ageony might seem like a potential solution for this specific instance, it
would be suboptimal for many other cases and would decrease the overall accuracy of the
ensemble. Another way to address this issue is to add a depth coordinate to the skeleton
representation. However, aside from a few cases, we have not observed a meaningful increase
in overall accuracy by adding a depth coordinate.

Exclusive ensemble gain can occur, though not necessarily, when each stream has a
different incorrect top prediction for a sample, but they both predict the correct class as
a close contender. If the combined weighted logits of the contender exceed that of both
stream’s top prediction, the sample will be classified correctly by the ensemble as occurred
in class #42 “child” (Table 4.18).

The most challenging sign for the ensemble to classify correctly in the AUTSL dataset
belongs to class #6 “heavy”, which had the lowest recall of any class: 38.5% on the validation
set and 47.1% on the test set. Class #6 "heavy” was frequently confused with class #79
“lightweight”, where 53.8% of the validation samples and 35.3% of the test samples for
"heavy” were misclassified as ”lightweight”. The third row of Figure 4.10 illustrates this
confusion, where a sample for “heavy” was misclassified by I3D, GCN, and their ensemble
as a “lightweight” sign.

The distinction between these two signs is challenging because they share the same hand
shape and motion, with both hands lifted up as if carrying weight, but “heavy” is signed with
more intensity in facial expression to convey heavyweight. This confusion might be mitigated
in continuous sign recognition with word-context awareness. Another way to address this
in isolated sign recognition would be to add a stream with attention to facial expressions.
However, since signs that are identical in all aspects except for subtle facial expressions are

rare, this added complexity may not be justified.
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4.7 Results of Three-Stream Networks

There are *C3 = 4 possible combinations to form a three-stream network from the four
models: 13D, R3D, F3D, and GCN. Equivalently, these combinations can also be formed by
starting from the four-stream network, including all four models, and choosing one stream
to remove each time (*C; = 4) while keeping the other three in the network.

The test results of all three-stream combinations on AUTSL, MSASL, and WLASL
datasets are reported in Tables 4.19, 4.20, and 4.21, respectively. We define two types
of Improvement Over Baseline (I.O.B.) to evaluate the performance of each three-stream

combination.

e 1.0.B.2: The difference in top-1 accuracy relative to the two-stream baseline [I3D,

GCN].

e 1.0.B.4: The difference in top-1 accuracy relative to the full four-stream network [I3D,
R3D, F3D, GCN]J.

We selected [I3D, GCN] (first row) as our two-stream baseline due to its higher accuracy
and computational efficiency compared to other two-stream combinations, as mentioned
previously. The accuracy of the four-stream combination [I3D, R3D, F3D, GCN] (second
row) is reported based on its optimal weight combination, determined using grid search as
outlined in Algorithm 1 but with an additional fusion weight for the fourth stream.

The following insights can be drawn from the results in Tables 4.19, 4.20, and 4.21.

e Importance of the Skeleton Stream: Removing the skeleton stream (GCN) from
the four-stream network consistently results in a more significant drop in accuracy
than removing any other steam. For instance, in MSASL and WLASL, the three-
stream combination [I3D, R3D, F3D] has approximately 3 — 4 percentage points lower
accuracy than three-stream combinations that include GCN. Furthermore, [I3D, R3D,

F3D] network consistently performs worse than the two-stream baseline [I3D, GCN].
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Table 4.19: Test accuracy of multi-stream networks on AUTSL dataset. 1.O.B.2 and 1.0.B.4
denote the difference in top-1 accuracy relative to the two-stream baseline (first row) and the four-
stream network (second row), respectively.

Streams ‘ AUTSL
13D R3D F3D GCN ‘ Top-1 1.O.B.2 1.O.B4 Top-5
v X X v 96.50 - -0.80 99.71
v v v v 97.30 +0.80 - 99.79
X v v v 97.30 +0.80 0.00 99.79
v X v v 96.58 +0.08 -0.72 99.73
v v X v 97.01 +0.51 -0.29 99.87
v v v X 95.54 -0.96 -1.76 99.68

Table 4.20: Test accuracy of multi-stream networks on MSASL-100 and MSASIL-1000 datasets

Streams ‘ MSASL-100 ‘ MSASL-1000
13D R3D F3D GON |Top-1 LOB2 LOB4 Top5 | Top-1 LO.B.2 LO.B4 Top-5
v X X v 92.15 - -0.40 97.61 | 74.20 - -1.91 90.02
v v v v 92.55  +0.40 - 97.87 | 76.11 +1.91 - 91.03
X v v v 92.55 +0.40 0.00 97.87 | 75.80 +1.60 -0.31 90.60
v X v v 92.82 +0.67 +0.27 97.74 | 7541 +1.21 -0.70  90.77
v v X v 92.82 +0.67 +0.27 98.01 | 75.77 +1.57 -0.34  90.48
v v v X 90.16  -1.99 -2.39  97.07 | 72.73  -1.47 -3.38  88.04

Table 4.21: Test accuracy of multi-stream networks on WLASL-100 and WLASL-2000 datasets

Streams | WLASL-100 | WLASL-2000
I3D R3D F3D GCN | Top-1 1LOB2 1.0B4 Top-5|Top-1 1.0.B2 1.0.B.4 Top-5
87.21 - -1.55  95.35 | 60.46 - -1.74  91.07
88.76  +1.55 - 95.74 | 6220 +1.74 - 92.22

88.76  +1.55 0.00 95.74 | 61.26  +0.80 -0.94  91.66
87.98  +0.77 -0.78  95.35 | 61.33 40.87 -0.87  91.66
87.98  +0.77 -0.78 9496 | 61.71 +1.25 -0.49  92.08
84.50  -2.71 -4.26  95.74 | 57.51  -2.95 -4.69  88.78

CAAx| NS
NN R RS
AN NN RN
EIENENENIIENEN
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This demonstrates the importance of the skeleton stream in any two- or three-stream

combinations.

e Minimal Impact of the Optical Flow Stream: Removing the optical flow stream
(F3D) from the four-stream network has a similar negligible effect on the accuracy
as removing I3D or R3D (less than 1 percentage point drop). This suggests that the
optical flow stream, whose predictions are more correlated with RGB streams, can be
replaced by another RGB stream, such as I3D or R3D, without a meaningful drop in

accuracy.

¢ Diminishing Returns with Additional Streams: The maximum gain of two-
stream networks over the single-stream baseline in Tables 4.15, 4.16, and 4.17 was
about 7.5 percentage points, which is much more significant improvement than the
maximum gain of 1.6 percentage points for three-stream networks over the two-stream
baseline as shown in Tables 4.19, 4.20, and 4.21. Moreover, the maximum gain of
the four-stream network [I3D, R3D, F3D, GCN] over any three-stream combination
that includes GCN was less than 1 percentage point in top-1 accuracy and almost no
improvement in top-5 accuracy. This points to diminishing returns, as adding more
streams increases the computational cost but results in progressively smaller gains in

accuracy.

Based on these results, the two-stream network [I3D, GCN] has shown to be a strong
baseline, as all three-stream combinations across different datasets showed only marginal
improvements over it. However, if slightly higher accuracy is required, [I3D, R3D, GCN]
is preferable to [I3D, F3D, GCN] or [R3D, F3D, GCN] due to the added computational

overhead associated with optical flow extraction.
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4.8 Comparison with State-of-the-Art Methods

In this section, we compare the performance of our multi-stream networks against two
state-of-the-art (SotA) methods: SignBERT+ [17] and SAM-SLR-v2 [88]. Table 4.22 sum-
marizes the test accuracy of various models on the AUTSL, MSASL, and WLASL datasets.
The publications on these methods did not provide information about their computational
costs. Therefore, we estimate certain components of these methods to compare their compu-
tational efficiency. Table 4.23 presents the GFLOPs count for each modality in each method,
determined by using the FlopCount Analysis function in the fvcore library [80] and confirmed
with the ptflops tool [48]. Since our objective is to maximize accuracy while minimizing com-
putational cost, we use [GCN, I3D] as our two-stream network and [GCN, 13D, R3D] as our
three-stream network.

In each of the following sections (4.8.1 and 4.8.2), we first provide a summary of the SotA
method followed by a discussion of the accuracy and computational efficiency compared to

our models.

4.8.1 SignBERT

SignBERT [105] is a self-supervised pretraining framework designed for sign language
tasks using hand pose information. It incorporates ideas from BERT’s architecture and
its pretraining strategies [66] but treats hand poses as visual tokens analogous to textual
tokens in BERT. SignBERT first performs self-supervised pretraining by masking some hand
poses in the input, passing them through a transformer encoder, and reconstructing them
using a hand-model aware decoder. The model can then be finetuned on a downstream
task such as sign language recognition (SLR) by replacing the decoder with a prediction
head. SignBERT+ [17] extends the original framework to two additional downstream tasks:
continuous SLR and sign language translation (SLT), along with other techniques to enhance

performance.
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Table 4.22: Test accuracy comparison of SotA methods on sign language benchmarks. Accuracy
with (*) indicates per-class accuracy.

Method | AUTSL | MSASL-100 | MSASL-1000 | WLASL-100 | WLASL-2000
‘ Top-1 Top-5 ‘ Top-1 Top-5 ‘ Top-1 Top-5 ‘ Top-1 Top-5 ‘ Top-1 Top-5

AUTSL [28] 49.22  75.78 - - - - - - - -
13D [26,27] - - 81.76* 95.16* | 57.69* 81.08* | 65.89  84.11 | 3248 57.31
BSL [104] - - - - 64.71  85.59 - - 46.82  79.36
SAM- 97.51 100 - - - - - - 598.73  91.46
SLR [79]
SAM-SLR- 98.00 100 - - - - - - 99.39 9148
v2 [88]
(Sf{g)nﬁ]?]RT+ } 84.94 9577 | 6242 8349 | 79.84 92.64 | 4885 8248
SignBERT+

— - . . .71 12 4.11 .51 . .
(H+R) [17] 90.75 9775 | 73.7 90 8 96.5 55.59  89.37
Ours 96.50 99.71 | 92.15 9761 | 7420 90.02 | 87.21 9535 | 60.46  91.07
[GCN, 13D] . . . . . . . . . .
Ours
[GCN, I3D, | 97.01 99.87 | 92.82 98.01 | 75.77 90.48 | 87.98 94.96 | 61.71 92.08
R3D]

Table 4.23: Estimated computational cost (GFLOPs/view) for SotA methods. Lower is better.
S1: MediaPipe Skeleton, So: HRNet Skeleton, F: TV-L1 Optical Flow, T: Transformer Encoder

Method

AUTSL

MSASL/WLASL

SAM-SLRv?2 [85]

RGB: 424.7 x 5

Flow: 424.7 x 5 + F
Skeleton: 2.3 x 4 + Sy
Total: 4,256.2 + F' + Sy

RGB: 424.7 x 5

Flow: 424.7 x 5 + F
Skeleton: 2.3 x 4 + S5
Total: 4,256.2 + F + S

SignBERT+
(H+R) [17]

RGB: 145.4
Skeleton: 2.3 + Sy + T
Total: 147.7 + Sy + T

Ours [GCN, I3D]

RGB: 227.2
Skeleton: 2.3 + 51
Total: 229.5 + S,

RGB: 145.4
Skeleton: 2.3 + S;
Total: 147.7 + S,

Ours [GCN, I3D,
R3D]

RGB: 227.2 4 1330.3
Skeleton: 2.3 + 51
Total: 1,559.8 + S,

RGB: 145.4 4+ 851.4
Skeleton: 2.3 + S
Total: 999.1 + S,
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In Table 4.22, SignBERT+ (H) refers to the core transformer model using hand skeleton
input, while SignBERT+ (H+R) denotes an ensemble of both the hand skeleton (H) and
RGB model (R) as described in [17]. Our [GCN, I3D] model differs from SignBERT+ (H+R)

in two key ways.

1. For the MSASL and WLASL datasets, the individual streams in our approach are pre-
trained coarse-to-fine on Kinetics then AUTSL in a supervised manner. In contrast,
SignBERT+ employs self-supervised pretraining on a collection of sign language

datasets, comprising a large volume of 230,246 videos [17].

2. SignBERT+ (H) is designed to learn signs based solely on hand joints, while our
skeleton model incorporates both hand joints and other landmarks such as face, el-
bows, and shoulders. Notably, our AUTSL-pretrained GCN model alone (Table 4.14)
achieves higher accuracy than SignBERT+ (H) on WLASL2000 (52.57 vs. 48.85) and
a comparable accuracy on MSASL1000 (63.93 vs. 62.42). This suggests that including

other body joints provides valuable cues for recognizing signs.

Compared to the accuracy of SignBERT+ (H+R) (Table 4.22), our two-stream network
[GCN, I3D] achieves +4.41 and +3.1 percentage points improvement on WLASL2000 and
WLASL100, respectively, and a comparable accuracy with a slight increase of +0.5 and +1.4
points on MSASL1000 and MSASL100, respectively. The relatively higher gains on WLASL
compared to MSASL indicate the effectiveness of our training method for datasets with low
training sample density, such as WLASL.

The estimated computational costs of SignBERT+ (H+R) and our two-stream network
are provided in Table 4.23. Both methods have similar inference costs for the RGB model,
at 145.4 GFLOPs per view (i.e., 64 frames of size 256 x 256). However, the computational

cost of the skeleton models differs in two key aspects.

e The skeleton in SignBERT+ is extracted from frames using HRNet [33], while we

use MediaPipe [34,35] for skeleton extraction. HRNet provides higher accuracy for
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body and hand pose estimation than MediaPipe but is more computationally intensive.
MediaPipe, on the other hand, can run in real time on a smartphone. On a desktop
CPU, our measurements show MediaPipe achieves a processing rate of 20 frames per
second for hand pose extraction and 10 frames per second for body and hand pose
extraction, compared to HRNet’s processing speed of 1.3 frames per second on CPU.
Since no documentation is available on the FLOPs count for MediaPipe, we denote
the FLOPs count as S; for MediaPipe and Sy for HRNet. Given that MediaPipe’s
processing speed on CPU is an order of magnitude faster than HRNet, it is reasonable

to assume S; < S,.

The skeleton data in our approach is fed into ST-GCN for classification, whereas Sign-
BERT+ embeds the hand skeleton using spectral-based GCN [106] and then processes
the embedding with a transformer architecture. Spectral-based GCN is more com-
putationally intensive than ST-GCN as it requires eigen-decomposition of the graph
Laplacian. However, this cost can be mitigated by using a first-order approximation
of the graph Laplacian [106]. For simplicity, we assume a comparable FLOPs count of
2.3 GFLOPs for both types of GCNs. Nevertheless, SignBERT+ has the additional

computational cost of the transformer architecture, denoted by T'.

To summarize, the total computational cost of our two-stream [GCN, I3D| approach is

(147.7+S,) GFLOPs/view, and for SignBERT+ it is (147.7+4 S, +71") GFLOPs/view. Since

So > S7 and T >> 0, our approach is more computationally efficient while demonstrating

better accuracy.

4.8.2 SAM-SLR

Skeleton Aware Multi-modal Sign Language Recognition (SAM-SLR) [79] uses six streams

from five different modalities: RGB, Depth, RGB Flow, Depth Flow, and Skeleton, to achieve

a higher sign recognition rate compared to previous methods. For RGB, Depth, and their

corresponding optical flow, the ResNet2+1D [4] backbone is used for each stream. For skele-
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ton modality, they propose SL-GCN model for skeleton key points and SSTCN model for
skeleton features. The optical flow is extracted using the TV-L1 [107] algorithm, while skele-
ton key points and features are extracted by HRNet [33]. In SAM-SLR~v2 [88], they propose
Global Ensemble Model (GEM), a multi-layer network to learn the weighting of each stream,
resulting in slightly better accuracy.

SAM-SLR-v2 reported results on two tracks: the RGB-D track, including all the afore-
mentioned modalities, and the RGB track, which excludes depth and depth flow. For a fair
comparison, we evaluate the accuracy and computational cost of our approach against the
RGB track, as both operate on RGB videos. Nevertheless, adding depth and depth flow in
SAM-SLR-v2 resulted in an insignificant improvement of just +0.10 to the top-1 accuracy
of 98.00% as reported on the AUTSL dataset [38].

Compared to SAM-SLR-v2, our three-stream network [GCN, 13D, R3D] achieves a slightly
lower top-1 accuracy of 97.01% on AUTSL. However, on the WLASL1000 dataset, our two-
and three-stream networks outperform SAM-SLR-v2 with improvements of +1.07 and +2.32
percentage points, respectively. It is worth noting that our approach achieves such accuracy
while requiring significantly less computational cost, as demonstrated in Table 4.23. The

comparison of computational efficiency is detailed as follows.

e RGB: The ResNet2+1D streams used for RGB and RGB Flow of SAM-SLR-v2 per-
form 2D spatial convolution followed by 1D temporal convolution in each layer. While
the FLOPs count of ResNet2+1D is comparable to that of ResNet3D (i.e. R3D) used
in our approach, our R3D utilizes 2.75x less memory during the forward pass, as we
measured using torchsummary [108]. Additionally, although our approach uses a larger
view size of 320 x 320 pixels for inference on AUTSL compared to 256 x 256 in SAM-

SLR-v2, the latter performs inference with 5 temporal crops, each with 32 frames.

In total, their FLOPs count for RGB and Flow is estimated as 2 x 424.7 x 5+ F =
4,247 + F GFLOPs, where I’ denotes the FLOPs count of the TV-L1 algorithm used

by [107] to extract optical flow. In contrast, our two RGB streams, I3D and R3D, have
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a total FLOPs count of 227.2+1330.3 = 1557.5 GFLOPs for AUTSL. For MSASL and
WLASL, the total is reduced to 996.8 GFLOPs due to the use of a smaller view size
of 256 x 256 pixels.

e Skeleton: Similar to SignBERT+, SAM-SLR-v2 employs HRNet for extracting skele-
ton key points and features, while our approach utilizes the faster MediaPipe, as dis-
cussed in Section 4.8.1. SAM-SLR-v2 uses four streams of SL-GCN for joint, bone,
joint motion, and bone motion, as well as one stream of SSTCN for skeleton features. In
contrast, we use a single stream of ST-GCN with joint and bone information combined

as channels instead of separate streams.

To simplify the calculations without affecting the outcome, we use the same estimation
as in Section 4.8.1 of 2.3 GFLOPs for both SL-GCN and ST-GCN and disregard the
computational cost of SSTCN. Therefore, the total FLOPs count for the skeleton
modality is estimated as 2.3 x 4 + Sy = 9.2 + Sy GFLOPs/view for SAM-SLR-v2,
and (2.3+ S1) GFLOPs/view for our approach, where S; and Sy represent the FLOPs

counts of MediaPipe and HRNet, respectively.

The total computational cost of our three-stream network [GCN, I3D, R3D] is (1,559.8+
S1) GFLOPs/view for AUTSL and (999.1 + S;) GFLOPs/view for MSASL and WLASL,
while SAM-SLR-v2 consumes (4,256.2 + F' 4+ 5;) GFLOPs/view. Given that S, > S; and
F >> 0, our three-stream approach [GCN, 13D, R3D] reduces the FLOPs count in the

second stage by at least 76% while achieving state-of-the-art accuracy on the WLASL and
MSASL datasets.
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Chapter 5

Conclusions

This dissertation addressed the problem of isolated sign language recognition in videos,
a fine-grained classification problem characterized by specific hand shapes, orientations, and
motion patterns. Motivated by the need to maximize recognition accuracy while minimizing
computational cost, we constructed, trained, evaluated, and analyzed the performance of
single- and multi-stream networks with RGB, optical flow, and skeleton inputs. In this
chapter, we provide a summary of our findings in Section 5.1 and directions for future

research in Section 5.2.

5.1 Summary of Findings

In our evaluations, the significance of our results is determined by consistent improve-
ments across multiple datasets. This eliminates the need for repeated runs on the same
dataset since improvements across different datasets provide stronger evidence through inde-
pendent confirmations. Additionally, the three sign language datasets (AUTSL, MSASL1000,
and WLASL2000) have relatively large test sets (3,000-4,000 videos), leading to stable results
with low variance when training and testing are repeated on the same dataset.

Our experiments on slow fusion, in which temporal features across frames are learned in
every layer using 3D convolutions, consistently demonstrate significant accuracy improve-
ment over late fusion methods, such as averaging or using a recurrent layer. This improve-
ment is more pronounced than what has been documented in action recognition literature.
Moreover, a shallower 3D convolutional network of 18 layers significantly outperforms a
deeper 2D convolutional network with 50 layers, highlighting the importance of slow fusion
in sign language recognition. Notably, signs where motion is the primary discriminative

feature are better classified with R3D than R2D.
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The primary value of optical flow lies in its ability to segment relevant regions for sign
recognition rather than learning of motion patterns, as previously assumed. We demon-

strated this in two ways.

i. No statistically significant difference was observed in the accuracy of motion-sensitive

classes between the RGB model (I3D) and the optical flow model (F3D)

ii. Removing direction from optical flow retains the same accuracy, and replacing optical
flow with a binary mask of its magnitude causes only a minor drop in accuracy (< 3%).
These findings indicate that learning motion patterns useful for sign recognition is
primarily attributed to the slow fusion mechanism in the network, rather than the

optical flow input itself.

Two-stream networks with RGB and optical flow inputs have been extensively adopted
in action and sign recognition literature. However, these methods often lack a reference
comparison to the baseline of an equivalent two-stream network where the optical flow stream
is substituted with another RGB stream. To address this gap, we evaluated all possible two-
stream combinations of RGB models (I3D and R3D), an optical flow model (F3D), and a
skeleton model (GCN). The results show that the accuracy of two-stream networks [F3D,
R3D] and [F3D, GCN] is comparable to that of [I3D, R3D] and [I3D, GCN], respectively.
These findings suggest that optical flow is replaceable without a loss of accuracy, leading to
significant savings in computation and energy.

The structured representation of skeleton data as a spatiotemporal graph, with sparsely
connected nodes representing hand and upper body joints, provides a better inductive bias
for sign language recognition than a flattened representation used with a recurrent neural
network or a transformer encoder. Our results show that the temporal convolutions in ST-
GCN layers are as critical for the skeleton modality as the slow fusion of temporal features
is in 3D convolutional networks for RGB. Both achieve significant improvement in accuracy

compared to models using only spatial convolutions. To improve the interpretability of ST-
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GCN, we proposed a method to visualize the importance of each edge in sign recognition
based on the adjacency matrix and edge importance weighting.

Skeleton-based SLR with GCN outperforms optical-flow-based SLR with F3D while con-
suming less computation in both the first and second stages. This superiority is demonstrated

in several ways.

i. As a single stream, GCN achieves higher per-instance and per-class accuracy across

the datasets than F3D.

ii. In two-stream networks, adding the skeleton stream to an RGB stream consistently
improves accuracy compared to ensembles of RGB and optical flow streams or two
RGB streams, due to the lower error correlation between RGB and skeleton predictions,

which enhances ensemble diversity.

iii. In multi-stream networks combining RGB, optical flow, and skeleton inputs, removing
the skeleton stream results in a larger drop in accuracy than removing any other stream,

while removing optical flow has an insignificant effect (< 1%) on ensemble accuracy.

To address the limitation of insufficient training samples, we applied a coarse-to-fine
training strategy, where the model is first trained on a general action recognition dataset,
then on a different sign language dataset, and finally on the target dataset. Our ablation
study shows that this strategy is most effective when the datasets used in transfer learn-
ing possess both large mass (total number of training samples) and high density (number
of training samples per class). Our experiments demonstrate that features learned from
AUTSL, a Turkish sign language dataset, are effective when transferred to two American
sign language datasets, MSASL and WLASL. State-of-the-art methods often apply transfer
learning to a single model in the ensemble. In contrast, our results show that coarse-to-
fine training benefits all models—with RGB, optical flow, or skeleton inputs—significantly

improving their individual accuracies.
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In multi-stream networks for sign recognition, state-of-the-art methods often rely on
weighted combinations of stream outputs, either set manually or learned through a neural
network. However, how these outputs are weighted has a noticeable effect on the ensemble
accuracy, and systematic exploration of stream fusion methods for sign recognition has been
limited. To address this, we investigated both pre-classification and post-classification fusion
methods.

In post-classification fusion, we proposed grid search and gradient-based optimization
methods to determine the optimal weighting of stream outputs. In pre-classification fusion,
we trained streams simultaneously to learn a non-linear fusion of their output features and
incorporated auxiliary classifiers to enhance accuracy. Our results show that learning fusion
weights per class or group of classes did not improve the accuracy compared to a single-
weight fusion method. Similarly, the non-linear fusion of features before the classification
layer did not outperform the grid search baseline.

Our extensive evaluations of multi-stream networks demonstrate that the [I3D, GCN]
combination provides the best trade-off between accuracy and computational efficiency.
Adding additional streams results in diminishing returns, with progressively smaller ac-
curacy gains and increased computational cost. Our ensemble improvement decomposition
reveals no class-specific advantage for a specific stream. Instead, each stream contributes to
the ensemble’s accuracy at an instance level.

Our two-stream network [[3D, GCN] achieves new state-of-the-art performance on the
MSASL and WLASL datasets while consuming significantly fewer FLOPs than other SotA
methods in both the first and second stages. This success is attributed to a combination of
factors, including coarse-to-fine transfer learning across all streams, optimal stream fusion
weighting, and disciplined hyperparameter tuning of the learning rate, schedule, training
epochs, batch size, and regularization. In particular, the one-cycle learning schedule and a

small batch size were important for improving the accuracy of individual streams on MSASL

and WLASL.
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5.2 Future Work

The ultimate goal of automated sign language recognition is to improve convenience and
accessibility in the daily lives of deaf individuals. This research advances the field towards
that goal by providing theoretical insights and experimental results on the best methods
and strategies for improving recognition rate while maintaining computational efficiency.
Nevertheless, there are limitations and opportunities for further improvements, which we
plan to address in future work, as outlined below.

Although our two-stream network [I3D, GCN] is more computationally efficient compared
to other SotA methods, running the network as it is on mobile devices is challenging due
to the high computational demands of I3D (145.4 GFLOP per 64-frame input with 256x256

spatial resolution). This challenge could be addressed in several ways.

i. Replacing I3D with the 3D version of resource-efficient, mobile-optimized architectures

such as MobileNet, SqueezeNet, or ShuffleNet [109].

ii. Replacing I3D with Temporal Shift Module (TSM) to enable temporal modeling with-

out heavy 3D convolutions [110].

iii. Using knowledge distillation to train a smaller student model to mimic the outputs of

a larger teacher model [111].

iv. Applying model quantization to reduce the model size and increase inference speed by

relying on integer arithmetic [112].

Future work should evaluate to what extent these optimizations affect the model’s accuracy
for sign recognition.

Additionally, the accuracy of the skeleton stream can be improved in multiple ways.

i. Pretraining GCN on the Kinetics dataset, followed by the AUTSL dataset, instead of

AUTSL only, could yield significant improvements, similar to RGB streams.
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ii. The skeleton extraction module (MediaPipe) produces missed hand detections in many
frames (false negatives), which could be mitigated by conditioning hand detection on

pose detection, as the latter has a relatively low false-negative rate.

iii. Attention-based or spectral-based graph models could be added as a second or third
stream to GCN or [I3D, GCN], respectively. Fortunately, incorporating additional
graph models in the second stage does not substantially increase the computational

cost, as the bulk of computations occurs in the first stage (skeleton extraction module).

While our approach achieves over 90% top-5 accuracy on all isolated sign datasets, a
significant hurdle to achieving over 90% top-1 accuracy on MSASL-1000 and WLASL-2000
is the low number of training videos for most signs. This becomes apparent when compared
to our 96.5% top-1 and 99.7% top-5 accuracy on the AUTSL dataset, which contains an order
of magnitude more training samples per class. This hurdle could potentially be mitigated
in continuous sign language recognition, where each sign is performed within the context
of a sequence, thus increasing the likelihood of correct identification. However, continuous
SLR introduces additional challenges, such as sign localization and handling sign language
grammar, which could be addressed by adapting successful methods from speech recognition
and natural language processing.

Building on the insights and strategies presented in this dissertation, future work will
explore extending our methods to continuous sign language understanding, paving the way
for real-time communication systems that empower deaf individuals and help overcome com-

munication barriers.
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