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Abstract

This study proposes Dual-Stream Former, a novel architecture that integrates a Video Swin
Transformer and Conformer designed to address the challenges of visual speech recogni-
tion (VSR). The model captures spatiotemporal dependencies, achieving a state-of-the-art
character error rate (CER) of 3.46%, surpassing traditional convolutional neural network
(CNN)-based models, such as 3D-CNN + DenseNet-121 (CER: 5.31%), and transformer-
based alternatives, such as vision transformers (CER: 4.05%). The Video Swin Transformer
captures multiscale spatial representations with high computational efficiency, whereas
the Conformer back-end enhances temporal modeling across diverse phoneme categories.
Evaluation of a high-resolution dataset comprising 740,000 utterances across 185 classes
highlighted the effectiveness of the model in addressing visually confusing phonemes,
such as diphthongs (/ai/, /au/) and labio-dental sounds (/f/, /v/). Dual-Stream Former
achieved phoneme recognition error rates of 10.39% for diphthongs and 9.25% for labioden-
tal sounds, surpassing those of CNN-based architectures by more than 6%. Although the
model’s large parameter count (168.6 M) poses resource challenges, its hierarchical design
ensures scalability. Future work will explore lightweight adaptations and multimodal
extensions to increase deployment feasibility. These findings underscore the transformative
potential of Dual-Stream Former for advancing VSR applications such as silent communi-
cation and assistive technologies by achieving unparalleled precision and robustness in
diverse settings.

Keywords: speech recognition; Video Swin Transformer; conformer; spatiotemporal feature
extraction

1. Introduction
Visual speech recognition (VSR), commonly referred to as lipreading, is a sophisticated

task that involves interpreting spoken language through visual cues such as the movement
of the lips, tongue, and other facial regions without relying on audio input. This field
has gained considerable attention in recent years owing to its wide range of practical
applications [1]. In noisy environments, where audio-based speech recognition systems
struggle to perform effectively, VSR provides a robust alternative by extracting meaning-
ful information solely from visual data [1–4]. In addition, it serves as a crucial tool for
assisting people with hearing loss by providing improved accessibility and communication
capabilities [1,5]. Furthermore, VSR plays a pivotal role in advancing human–computer
interactions, enabling more intuitive and inclusive interfaces for applications such as silent
dictation, speech recognition in public spaces, and biometric authentication [1,4,6,7].
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Despite these advancements and their promising potential, VSR systems still face
significant challenges that hinder their widespread adoption and effectiveness [1]. One of
the primary difficulties is the efficient capture and processing of spatiotemporal features,
which are essential aspects of visual speech. Unlike audio-based systems that rely on
sequential sound patterns, VSR must account for spatial variations in lip shapes and move-
ments as well as temporal dependencies across frames in a video sequence [1]. This dual
complexity often requires sophisticated models and substantial computational resources,
making real-time performance challenging [3,8,9].

Existing VSR models often struggle to effectively model spatiotemporal dependencies.
Traditional convolutional neural network (CNN)-based approaches, such as 3D CNN,
capture local patterns well but fall short in representing long-range temporal relationships
and require significant computational resources. These limitations highlight the need for
more efficient architectures that can capture both local and global contexts in visual speech
data. Moreover, ensuring robust performance across diverse settings, such as varying
lighting conditions, speaker variability, and differing head poses, remains an unresolved
issue [5–7]. These challenges highlight the need for more advanced architectures and
innovative approaches to improve VSR performance and usability [2,3,5,7,10].

Building on this foundation, recent approaches have focused on improving VSR perfor-
mance using advanced spatiotemporal modeling techniques [2,3,11,12]. Among traditional
methods, 3D convolutional neural networks (3D CNNs) have been widely employed
for capturing spatiotemporal features because of their ability to model both spatial and
temporal information simultaneously [13–15]. However, despite their effectiveness, 3D
CNN-based approaches have several critical limitations that hinder their scalability and
performance in real-world applications. 3D CNNs extend 2D convolution operations to
include the temporal axis, thereby enabling joint spatial and temporal feature extraction.
This approach effectively captures localized spatiotemporal patterns, making 3D CNNs
a popular choice for action recognition and gesture-based tasks [8,14,15]. Video-based
tasks, such as action recognition, video captioning, and lipreading, require the efficient
modeling of spatial and temporal dependencies. Historically, three-dimensional (3D) CNNs
have been the backbone of video analysis owing to their ability to extend convolutional
paradigms across temporal dimensions. However, they face critical limitations in compu-
tational efficiency, representation flexibility, and global dependency modeling [1,8,14,15].
Transformers, which were first introduced in natural language processing, have demon-
strated superior performance in vision tasks by leveraging self-attention mechanisms.
These mechanisms provide an intrinsic capability to model global spatiotemporal relation-
ships, addressing several shortcomings of CNN-based approaches [8,9,14–16]. This study
explored the architectural differences, performance tradeoffs, and application scenarios of
3D CNNs and transformer models when processing video data.

Transformers represent a significant shift in video analysis by employing self-attention
mechanisms that allow for flexible nonlocal feature aggregation. Unlike 3D CNNs, which
rely on hierarchical convolutional filters, the transformer computes pairwise dependen-
cies across all tokens, thereby providing a holistic understanding of spatiotemporal data.
For example, the Vision Transformer (ViT) modifies its architecture for image processing
by segmenting the input into patches and encoding positional relationships. Extensions,
such as the Video Swin Transformer, further optimize this framework by introducing a
hierarchical structure and localized attention windows, making it more computationally
efficient [16–18]. Transformers excel at modeling long-range dependencies, which is a
critical advantage in tasks that require temporal coherence over extended video sequences.
Additionally, their shape-based bias aligns more closely with human perception, as demon-
strated in studies comparing human error consistency with model behavior [17].
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The primary objective of this study is to develop an advanced and efficient VSR model
that leverages only visual information for lipreading tasks. The model is designed to
address key challenges in VSR, such as computational efficiency, temporal dependency
modeling, and recognition accuracy, through innovative integration of the Video Swin
Transformer, Conformer, and a transformer-based decoder.

Efficient Spatiotemporal Feature Extraction: The proposed model employs a Video
Swin Transformer at the front-end to extract spatiotemporal features efficiently. Its hier-
archical architecture and shifted-window attention mechanism enable localized attention
computation, which makes it particularly suitable for lipreading datasets with small spa-
tial dimensions.

Robust Temporal Dependency Modeling: A Conformer-based encoder is integrated
into the back-end to capture both short- and long-term temporal dependencies. This
component enhances the ability of the model to represent the sequential nature of speech
data with high temporal precision.

Accurate and Context-Aware Decoding: To improve transcription accuracy, a
transformer-based decoder is incorporated. By leveraging self-attention mechanisms,
it effectively captures the global context and models long-range dependencies within an
output sequence.

Therefore, the proposed Dual-Stream Former model significantly advances VSR by
achieving a balance between computational efficiency and recognition performance. By
integrating a Video Swin Transformer [16], the model achieves lower computational com-
plexity. This is made possible by the use of a hierarchical structure and shifted-window
attention mechanism, which are well suited for processing small input sizes typically
found in lipreading datasets. It enhances spatiotemporal representations with robust fea-
ture extraction and precise temporal dependency modeling facilitated by the Conformer
back-end [5]. Additionally, the attention-based architecture of the model aligns closely
with human perception, as demonstrated in previous studies that compared human error
patterns with those of transformer-based models [17]. This alignment contributes to im-
proved robustness and scalability across diverse datasets and real-world scenarios. These
advancements have positioned the model as a cutting-edge solution for achieving efficiency
and accuracy in lipreading tasks.

Contributions and Novelty. We introduce a dual-branch transformer for visual-
only speech recognition that integrates a Video Swin Transformer front-end with a Con-
former back-end and a transformer decoder with Connectionist Temporal Classification
(CTC)/Attention. We evaluate a new high-resolution dataset of 740,000 utterances across
185 classes from 40 speakers with a fixed 70/30 within-subject split (Sections 4.1–4.3).
Beyond aggregate CER, we provide phoneme-group analyses and confusion matrices,
showing the largest gains for visually confusable categories such as diphthongs and labio-
dentals (Section 5.3). Under identical conditions, our model achieves the lowest CER
(3.46%), converges faster than baselines, and shows participant-wise statistical significance
(Section 5.4;). Together, these results clarify when and why hierarchical video transformers
coupled with Conformer modeling are effective for visual-only speech recognition.

2. Related Work
2.1. CNN-Based Architectures

The CNN has emerged as one of the most commonly used architectures for deep
learning. Various CNN-based architectures, such as VGG [19], ResNet [20], MobileNet [21],
EfficientNet [22], and DenseNet [23], have been widely adopted in VSR tasks because of
their effectiveness in learning visual representations from lip movements. These models
offer different tradeoffs in terms of depth, computational cost, and feature-extraction capac-
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ity, making them suitable for various VSR settings. However, despite their widespread use,
these architectures are inherently limited in modeling long-range temporal dependencies
and often struggle with speaker variability and pose changes, which are critical for robust
VSR performance.

Chung et al. proposed the first end-to-end deep visual representation learning the
method for word-level VSR [24]. Their study employed a VGG-M backbone network to
evaluate various image-sequence inputs (Multiple Towers vs. Early Fusion) and temporal
fusion techniques (2D CNNs vs. 3D CNNs), highlighting the strengths and limitations of
each approach. The experimental results revealed that 2D CNNs significantly outperform
3D CNNs. However, the conclusions drawn from the study lack robustness because they
are based on limited ablation studies and short-term word-level datasets, restricting their
generalizability to continuous speech scenarios.

Building upon this, subsequent models have attempted to address these limitations
by incorporating deeper temporal modeling and architectural modifications. In 2017,
Assael et al. [2] introduced LipNet, the first end-to-end sentence-level VSR model. LipNet
extracts visual features using a three-layer Spatiotemporal CNN (STCNN, also known as
3D CNN). The experimental results support the intuition that extracting spatiotemporal
features with an STCNN is superior to aggregating only spatial features. Considering that
3D CNNs are better at capturing the dynamics of the mouth region and 2D CNNs are
more efficient in terms of time and memory, Stafylakis and Tzimiropoulos [25] proposed
a combination of 3D and 2D CNNs for visual feature extraction. Their proposed visual
backbone network integrates a shallow 3D CNN and 2D ResNet. The 3D CNN layer
captures the short-term temporal dynamics of lip movements. Although this hybrid
architecture improved local feature modeling and computational efficiency, it remained
constrained in its ability to capture global temporal structures and generalize to speakers
with varying styles and accents.

Owing to its remarkable performance, numerous VSR models [11,26–29] have adopted
it as a backbone network for visual feature extraction. Recently, Feng et al. [30] enhanced
this architecture by integrating a Squeeze-and-Extract [31] module to improve local feature
discrimination. However, these enhancements do not fully address the limitations of
CNN-based models in capturing long-range dependencies or in providing robustness
under challenging real-world conditions. In addition to VGG and ResNet, researchers have
employed other prominent 2D CNN architectures, including DenseNet [23], ShuffleNet [27],
and MobileNet [21]. However, these models also rely on local receptive fields and exhibit
similar constraints in scalability and context modeling, further motivating the exploration
of transformer-based alternatives to VSR.

These cumulative limitations have prompted a shift toward attention-based models
for VSR. As illustrated in Figure 1a, 3D CNNs extend traditional 2D convolutions by in-
corporating the temporal dimension, thereby enabling simultaneous extraction of spatial
and temporal features. This layerwise convolutional processing facilitates localized spa-
tiotemporal learning across frames. However, 3D CNNs are fundamentally limited by their
fixed receptive fields, which hinders the modeling of long-range temporal dependencies. In
addition, their computational demands increase significantly because of the large number
of parameters introduced by added temporal dimensions [8,14,15]. These limitations have
motivated the transition toward attention-based models, such as transformers, which can
more effectively capture the global context in spatiotemporal data.
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Figure 1. Visualization of the front-end processing pipeline: (a) convolutional units for local spa-
tiotemporal feature extraction; (b) transformer-based attention mechanisms for capturing global
dependencies in visual inputs.

Although transformer-based models address some of the key limitations of 3D CNNs,
such as fixed receptive fields and insufficient global-context modeling, they still face
challenges in terms of computational efficiency and simultaneous capture of local and
global spatiotemporal features. Existing models often rely on flat attention mechanisms
that lack inductive bias, leading to slower convergence and increased resource demand. To
overcome these issues, we propose Dual-Stream Former, a novel architecture that integrates
a Video Swin Transformer for efficient hierarchical spatial modeling with a Conformer for
robust temporal dependency extraction.

As illustrated in Figure 1b, transformer-based architectures emphasize self-attention
mechanisms for feature extraction. The input video data are divided into patches, and posi-
tional embeddings are applied to retain spatial and temporal order. The architecture uses
multihead self-attention layers to compute the global dependencies between all patches,
enabling a holistic understanding of the video sequence. Unlike 3D CNNs, transformers
dynamically allocate attention weights by focusing on salient features and suppressing
irrelevant information. This global processing enhances the ability of the model to cap-
ture long-range spatiotemporal relationships while being more computationally efficient,
especially in hierarchical designs such as Video Swin Transformers [14–17].

2.2. Transformer-Based Architectures

Motivated by the remarkable success of transformer architectures in the NLP domain,
researchers have recently begun to apply transformers to computer vision tasks [17]. Trans-
formers have demonstrated potential as viable alternatives to CNNs. Prajwal et al. [32]
introduced an end-to-end visual transformer-based pooling mechanism that learns to track
and aggregate lip-movement representations. The proposed visual backbone network
minimizes dependency on complex preprocessing and enhances the robustness of visual
representations. The ablation study results clearly indicate that the visual transformer-based
pooling mechanism significantly increases the VSR performance. Although transformers
offer strong capabilities for modeling global spatiotemporal dependencies, they often re-
quire large amounts of data and computational resources and lack strong local inductive
biases that make CNNs efficient for lower-level feature extraction. By contrast, CNNs are
computationally efficient and effective in modeling local spatial patterns but struggle with
long-range temporal modeling and global-context integration. The complementary nature
of CNNs and transformers highlights the potential benefits of integrating both approaches.
CNNs can serve as lightweight local feature extractors, whereas transformers provide
flexible and powerful global-context models.
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Beyond the core literature on visual speech recognition, it is also important to con-
sider cross-disciplinary advances in multimodal interaction and wearable technologies.
For example, the Funabot-Sleeve study [33] introduced a wearable device that employs
McKibben artificial muscles to deliver haptic sensations. Although this work addresses
a different modality, it exemplifies the broader trend of integrating vision, haptics, and
human–machine interfaces. Such cross-domain perspectives highlight the potential rele-
vance of our proposed framework for applications in assistive technology and embodied
AI, where visual speech recognition could be combined with haptic or multimodal feedback
to increase accessibility and robustness.

To leverage the strengths of both architectures, we propose Dual-Stream Former, a
hybrid model that combines the hierarchical efficiency of the Video Swin Transformer with
the temporal modeling capabilities of the Conformer. This integration aims to achieve a
balanced solution for efficient and accurate VSR.

We will now discuss positioning with respect to the recent VSR literature. Prior CNN-
based and flat transformer front-ends emphasize either local patterns or global attention,
leaving a gap in jointly modeling hierarchical spatial structures with sequence-level tempo-
ral dependencies (Sections 2.1 and 2.2). Our approach explicitly fuses a hierarchical Video
Swin visual encoder with a Conformer and CTC/Attention decoding in one end-to-end
pipeline and quantifies the benefits at both the aggregate and phoneme-group levels, with
participant-wise statistics.

3. Proposed Architecture
We propose Dual-Stream Former, a novel VSR architecture designed to integrate

powerful spatiotemporal representation learning with efficient sequence modeling. The
proposed model consists of three key components: a Video Swin Transformer-based front-
end, a Conformer encoder, and a transformer decoder. This modular design captures
localized visual patterns, models temporal dependencies, and generates sequences with
high accuracy and robustness.

At a high level, the Video Swin Transformer extracts hierarchical spatiotemporal
features using 3D shifted-window attention. These features are processed by the Conformer,
which integrates convolutional operations with self-attention to model both local and
global temporal relationships. Finally, a transformer decoder with a hybrid Connectionist
Temporal Classification (CTC)/Attention mechanism generates the output sequences,
enabling effective sequence transduction. The detailed structure is shown in Figure 2 and
summarized in Table 1. Supplementary Equations (S1)–(S4) provide the mathematical
formulations and implementation details.

The proposed architecture is designed to excel in isolated word-level lipreading tasks,
achieving superior accuracy while maintaining computational efficiency. Table 1 summa-
rizes the full Dual-Stream Former pipeline, including a 3D convolutional front-end, four
Swin-B stages for hierarchical feature extraction, a 12-layer Conformer encoder for temporal
modeling, and a 6-layer transformer decoder. This configuration integrates hierarchical
spatial processing, precise temporal alignment, and advanced decoding in a unified system.
As shown in Figure 2, this design enables effective sequence generation and demonstrates
robustness across diverse datasets for both the Korean and English language tasks.

3.1. Video Swin Transformer (See Supplementary Equation (S1) for Mathematical Details)

The front-end of Dual-Stream Former leverages the Video Swin Transformer [16] to
extract dense spatiotemporal representations from the input video frames. It extends the 2D
Swin Transformer to 3D by employing non-overlapping 3D patch partitioning and shifted-
window-based multihead self-attention. This design balances global-context modeling and
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computational efficiency by restricting attention computation to local windows while still
enabling cross-window interaction through a shifted mechanism.

 

Figure 2. Proposed Dual-Stream Former pipeline for visual speech recognition: (a) stage-wise
processing of visual input via 3D patch partitioning, Swin Transformer blocks, and patch merging,
followed by back-end Conformer and decoder; (b) internal structure of Swin Transformer blocks
highlighting multi-head attention mechanisms; (c) patch merging and linear mapping operations.

Table 1. Architecture of our proposed Visual Speech Recognition model, which integrates a Swin-B-
based front-end, Conformer-based temporal encoder, and a transformer decoder. These components
work in tandem to extract spatiotemporal features, model temporal dependencies, and generate
output sequences using a hybrid Connectionist Temporal Classification (CTC)/Attention mechanism.

Stage Layer Output Shape

Input Image sequences T × W × H × 3

Front-end

Conv3D: 4 × 4 × 4, 96 filters, stride 4 × 4 × 4 T/2 × W/4 × H/4 × 128

Stage1 Swin-B × 2 Blocks, W: 7 × 7, P: 4 × 4, H: 4 T/2 × W/4 × H/4 × 128

Stage2 Swin-B × 2 Blocks, W: 7 × 7, P: 4 × 4, H: 4 T/2 × W/8 × H/8 × 256

Stage3 Swin-B × 18 Blocks, W: 7 × 7, P: 4 × 4, H: 4 T/2 × W/16 × H/16 × 512

Stage4 Swin-B × 2 Blocks, W: 7 × 7, P: 4 × 4, H: 4 T/2 × W/32 × H/32 × 1024

Global Average Pooling T/2 × 1024

Back-end Conformer encoder × 12 Blocks T/2 × 512

Decoder Transformer decoder × 6 Blocks T/2 × V

- CTC/Attention hybrid mechanism -
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The architecture follows a four-stage hierarchy in which the spatial resolution is
progressively reduced through patch merging while the temporal resolution remains
unchanged. Each stage consists of Swin-B blocks with multihead attention, feedforward
layers, and layer normalization wrapped in residual connections. These operations facilitate
the extraction of both fine-grained and high-level motion features, which are critical for
lipreading tasks.

3.2. Conformer Encoder (See Supplementary Equation (S2) for Mathematical Details)

The intermediate encoding module is based on the Conformer [5] architecture, which
has shown superior performance in modeling temporal sequences. The Conformer com-
bines multi-head self-attention with convolutional modules to effectively capture both
long-term dependencies and short-term local variations within a visual speech signal.

The overall structure of the Conformer encoder block is illustrated in Figure 3, where
(a) and (d) correspond to the feedforward modules, (b) denotes the convolutional module,
and (c) represents the self-attention module. This arrangement enables the balanced
modeling of both local and global temporal features.

 

Figure 3. Overview of the Conformer encoder layer structure: (a) feedforward module, (b) con-
volutional module for local feature extraction, (c) multi-head self-attention for global dependency
modeling, and (d) final feedforward module with normalization and residual connections.

Each encoder block includes two feedforward layers, a self-attention module, and a
depthwise separable convolution module, all of which are equipped with residual connec-
tions and layer normalization. This structure enhances the temporal modeling capacity of
the system and ensures smooth integration between the Swin-based visual features and the
transformer decoder.

3.3. Transformer Decoder (See Supplementary Equation (S3) for Mathematical Details)

The final stage of Dual-Stream Former employs a transformer decoder to generate a
target character sequence. Each decoder layer comprises masked multihead self-attention
(to ensure autoregressive decoding), cross-attention (to incorporate encoder outputs), and
feedforward networks. All the submodules are connected through residual paths and
normalization layers.

To improve alignment and recognition accuracy, a hybrid decoding mechanism com-
bining CTC [34] and attention-based loss was used during training (see Supplementary
Equation (S4) for details). This hybrid approach helps guide the decoder in learning
monotonic alignments while preserving its flexibility in handling complex sequences. Dur-
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ing inference, the joint beam search fuses the CTC and attention outputs to generate the
final transcription.

Further details of each module’s internal mechanisms, including attention com-
putations, patch merging, and positional encoding, are presented in Supplementary
Equations (S1)–(S4).

4. Experiment
4.1. Dataset

To develop a robust and diverse dataset for VSR, data collection was conducted in
a controlled experimental environment. This study included 40 participants (20 males
and 20 females), with an average age of 29.8 years. The participants ranged from 22 to
38 years, and no subject older than 40 years was included. The cohort primarily consisted
of individuals of Asian, Egyptian, and Pakistani descent, all of whom were proficient
in English at a near-native level. Younger adults were intentionally recruited because
the subsequent application stage of this research involved human–computer interaction
(HCI) experiments, and participants accustomed to IT devices were less likely to encounter
difficulties during experimental procedures. As a reason for indemnification, in accordance
with Article 13 of the Enforcement Rules of “Research on Human Subjects,” a study that
does not collect and record personal identification information is exempt from deliberation.
This study only used simple contact measurement equipment or observation equipment
that do not cause any physical changes. Only human voice and lip information were
collected and used; thus, there was no personal identification information. Therefore, ethics
approval was not required for indemnification reasons. The participants provided written
and oral informed consent.

The recordings were captured using a custom-designed head-mounted device to
ensure consistent alignment and resolution across all sessions, as illustrated in Figure 4.
The Logitech C920 HD PRO webcam (Figure 4a) mounted on the head-mounted device
was positioned 490 mm from the participant’s face. This setup ensured consistent frontal-
pose capture and minimized variability owing to head movements (Figure 4b,d,e). Videos
were recorded at a resolution of 1920 × 1080 pixels (FHD) and frame rate of 30 frames
per second (fps). Each participant pronounced 185 independent word classes, including
letters, numbers, emotions, and daily vocabulary. Each keyword was recorded for 3 s
and repeated 100 times, resulting in 740,000 utterances. In total, the dataset used for
modeling comprised 740,000 video utterances (616.67 h) across 185 classes from 40 speakers
(20 females, 20 males). The recording environment was optimized to minimize external
influences, such as light.

Although the capture rig included a microphone for synchronization (Figure 4), only
visual signals were used in this study, and audio tracks were excluded from all training,
evaluation, and distribution. Recordings were pseudonymized with randomized identifiers,
and no names or personal identifiers were collected. All recordings were performed openly
with explicit written consent, prohibiting any covert use.

Our dataset represents a significant advancement over existing public datasets [35–40]
in the field of VSR. As shown in Tables 2 and S1–S3, earlier datasets, such as Tulips1 [35] and
M2VTS [36], are limited in both scale and diversity, with a small number of speakers and
utterances. For example, Tulips1 contained only four classes with a total of 96 utterances,
whereas M2VTS included 10 classes with 1000 utterances. Similarly, datasets such as
AVLetters [37] and AVLetters2 [38], which focus on letters, offer limited utterance counts
and diversity, with resolutions ranging from 376 × 288 to 1920 × 1080 pixels.
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Figure 4. Experimental setup for dataset collection: (a) camera and microphone for video and audio
recording, (b) head-mounted device ensuring consistent distance and alignment, (c) extracted lip
region sequences, (d) detailed view of the head-mounted device, and (e) participant seated during
the recording process.

Table 2. Comprehensive breakdown of the dataset by topic, including the number of classes, total
recording duration, dataset proportion, and total utterances for each category (Table S2 provides the
detailed information).

Topic Classes Hours Ratio Utterances

Alphabet 26 86.67 14.05 104,000
Number 10 33.33 5.41 40,000
System 20 66.67 10.81 80,000

Emotion 27 90.00 14.59 108,000
Daily 25 83.33 13.51 100,000
Food 25 83.33 13.51 100,000
Work 17 56.67 9.19 68,000

Education 25 66.67 10.81 80,000
Finance 15 50.00 8.11 60,000

Total 185 616.67 100 740,000

By contrast, our dataset introduced 40 speakers, each of whom recorded 185 indepen-
dent classes comprising letters, digits, and words, resulting in a total of 740,000 utterances.
This uniform coverage ensured consistent representation across participants and far sur-
passed the scale of all the prior datasets. Furthermore, the dataset maintained a high
resolution of 1920 × 1080 pixels, enabling superior visual quality for detailed lip motion
analysis. The consistency of the frontal pose across all recordings further strengthened the
suitability of the dataset for the VSR tasks.

Compared with AVDigits (2018) [40], which includes pose variations (0◦, 45◦, and
90◦), our dataset provides focused and standardized frontal-pose alignment, reducing
variability and improving the reliability of model training. With the highest number of
classes and resolution among the public datasets, our dataset establishes a new standard
for VSR research, facilitating the creation of robust models that can effectively address
diverse linguistic and visual challenges.

4.2. Data Preprocessing

The visual data preprocessing pipeline in our study, inspired by previous work [3],
employs a Dlib linear classifier using a histogram of oriented gradient features to ex-
tract 68 facial landmarks and localize the lip region [41,42]. The cropped regions were
resized to 96 × 96 pixels, converted into grayscale, and normalized. We selected the
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96 × 96 resolution to preserve the essential lip contours for visualization while minimizing
the computational load, following findings from prior work [12]. During training, random
cropping to 88 × 88 pixels and horizontal flipping (p = 0.5) were applied to improve the
generalizability. These augmentations simulate natural variations in head movements and
speaker orientation, which are common in real-world lipreading scenarios. For validation,
center cropping and normalization were performed to ensure consistency. In addition,
affine transformations were incorporated to correct the scale and positional shifts caused
by lighting or participant variability, thereby aligning lip features more accurately across
samples [12]. These steps increase the robustness of visual inputs for speech recognition
and reduce the risk of overfitting.

4.3. Training and Implementation

The proposed model was trained on datasets split into training and validation sets
at a 7:3 ratio, with data collected 100 times per class. To mitigate potential issues related
to participants’ focus and pronunciation degradation during repeated trials, specific data
segments were reserved exclusively for validation. Specifically, the early (21–30), middle
(51–60), and late (81–90) portions were allocated to the validation set, whereas the training
set consisted of the remaining subsets, including groups 1–9, 10–20, 31–40, 41–50, 61–70,
71–80, and 91–100. Importantly, this split was applied to each participant to ensure that both
the training and validation sets included data from all the participants. This within-subject
stratification strategy mitigated the overfitting risks associated with reduced pronunciation
quality in repetitive data while preserving participant-dependent consistency. Accordingly,
518,000 utterances were used for training and 222,000 utterances for validation (70/30 split
applied per participant and per class).

The experiment was conducted under the same conditions as those described previ-
ously [43], with the key difference being that the model was trained entirely from scratch
using a newly collected dataset without any pretrained weights. All modules, including
the front-end, were initialized randomly. The backend was configured with the hyper-
parameters e = 12, d f f = 2048, dk = 256, and dv = 256, where e denotes the number of
Conformer blocks. In the visual-only configuration, four attention heads (nhead = 4) were
used, and each depthwise convolutional layer had a kernel size of 31. The transformer de-
coder comprised six self-attention blocks with hyperparameter settings for the feedforward
and self-attention modules consistent with the encoder. Training was conducted using
the Adam optimizer β1 = 0.9, β2 = 0.98, ϵ = 10−9 with a mini-batch size of eight. The
learning rate increased linearly over the first 25,000 steps to a peak of 0.0004, followed by
decay according to the inverse square root of the step count. Training was performed over
30 epochs for a total of 212.40 h, using a single NVIDIA A100 GPU. The experiments were
implemented in PyTorch 1.12.0 with CUDA 11.8, ensuring compatibility with the hardware
and efficient GPU utilization.

For model selection, we tuned hyperparameters on the fixed validation set described
above by monitoring the validation CER; no k-fold cross-validation was used because of the
computational cost. The final hyperparameters reported in this subsection were adopted
for all the main experiments.

4.4. Evaluation Metrics

In the field of VSR, character error rate (CER) is a key metric used to evaluate the
accuracy of speech recognition systems. CER quantifies the percentage of characters that
are incorrectly predicted compared with the ground truth, with lower values indicating
better performance. This is calculated as follows:
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CER(%) =
S + D + I

N
× 10

where S is the number of substitutions, D the number of deletions, I the number of inser-
tions, and N the total number of characters in the ground truth. This metric provides a
comprehensive measure of a model’s transcription accuracy by capturing different error
types and is especially effective for benchmarking performance under noisy or visually
ambiguous conditions. Its standardized formulation ensures consistent and comparable
evaluations across different VSR architectures.

In addition to reporting the CER, we conducted statistical significance testing using
paired t tests to determine whether the observed performance differences between the
models were due to chance. To further quantify the magnitude of these differences, we
computed Cohen’s d, a standardized effect size measure defined as the difference between
two means divided by their pooled standard deviations. Effect sizes were interpreted using
the following conventional thresholds: small (d = 0.2), medium (d = 0.5), large (d = 0.8), and
very large (d > 1.2). This dual approach, which combines statistical significance with effect
size analysis, enabled us to assess not only the reliability but also the practical relevance
of the performance improvements observed in transformer-based architectures over their
CNN-based counterparts.

4.5. Hyperparameter Tuning and Validation Protocol

We tuned the hyperparameters using the fixed hold-out validation set described
in Section 4.3 (7:3 split with within-subject stratification of utterance indices). Model
selection was validation-driven: we monitored the validation CER and training stability
and retained settings that yielded a lower CER without incurring a prohibitive training
time. The final configuration used in all the main experiments is as follows (see also
Section 4.3): Conformer blocks e = 12, feed-forward dimension d f f = 2048, key/value
dimensions dk = dv = 256, number of attention heads nhead = 4, depthwise convolutional
kernel size = 31, and a transformer decoder with six blocks. Optimization used Adam
( β1 = 0.9, β2 = 0.98, ϵ = 10−9) with a linear warm-up for the first 25 k steps up to a peak
learning rate of 4 × 10−4, followed by inverse square-root decay and a mini-batch size of
eight for 30 epochs.

We did not employ k-fold cross-validation for hyperparameter tuning owing to the
computational cost of full end-to-end training on our large-scale, high-resolution video
dataset. To reduce split-specific bias, we adopted the above within-subject stratification
and report participant-wise statistical tests in Section 5.4, which consistently support the
superiority of the proposed model. Future work will consider k-fold or nested cross-
validation and leave-one-speaker-out protocols to further assess generalizability.

5. Performance Evaluation
5.1. Comparison of Character Error Rate

To evaluate the performance of various model architectures for processing input data
consisting of 30 frames of 3 s video, we compared CNN-based and transformer-based visual
front-end structures (Table 3). This comparison highlights the differences in their ability
to extract spatial and temporal features, with transformer-based architectures consistently
demonstrating superior performance in tasks requiring comprehensive spatiotemporal
modeling. Importantly, a paired t test conducted on the CER results across multiple partici-
pants confirmed that the observed improvements were statistically significant (p < 0.001),
thereby reinforcing the robustness of the transformer-based front-ends over their CNN-
based counterparts.
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Table 3. Evaluation of various visual front-end models based on their parameters, epoch time,
training duration, and CER in the context of visual speech recognition (Table S3 provides the de-
tailed information).

Visual Front-End Encoder +
Decoder

Total
Params (M)

Epoch
Time (h)

Training
Time (h) CER (%)

3D-CNN

Conformer
+

Transformer
+

CTC/Attention

113.6 4.77 143.11 10.71

3D-CNN + VGG-16 218.6 9.18 275.39 7.70

3D-CNN + ResNet-18 91.78 3.85 115.62 5.46

3D-CNN + DenseNet-121 109.2 4.59 137.57 5.31

3D-CNN + MobileNet-224 84.8 3.56 106.83 5.96

3D-CNN + EfficientNet-B0 85.9 3.61 108.22 6.02

ViT-Base 166.6 7.00 209.88 4.05

(Our) Dual-Stream Former 168.6 7.08 212.40 3.46

Our architecture achieved the highest performance, with a CER of 3.46%. Dual-Stream
Former excels in modeling spatial and temporal relationships simultaneously by lever-
aging a hierarchical structure that is optimized for video tasks. When combined with a
Conformer for fine-grained temporal dependency modeling and a transformer Decoder
with CTC/Attention for precise sequence decoding, this architecture provides a robust
framework for VSR. The transformer-based visual front-end method is particularly effective
for capturing global and local patterns across video sequences, making it the most suitable
choice for this task.

The second-best performing model, ViT [18], achieved a CER of 4.05%. The Vision
Transformer (ViT) processes spatial information by dividing the input frames into patches
and training global spatial representations. Although its temporal modeling relies primar-
ily on the former and transformer components, the ViT-based visual front-end effectively
handles spatial feature extraction, particularly for high-resolution video data. This synergy
makes the ViT architecture a strong alternative for tasks that emphasize spatial represen-
tation. Among the CNN-based architectures, DenseNet-121 [23] ranks third in terms of
performance, achieving a CER of 5.31%. DenseNet-121′s densely connected layers pro-
mote feature reuse, and the 3D-CNN facilitates direct temporal modeling, highlighting the
strength of the CNN in localized pattern recognition. However, it falls short of transformer-
based models in capturing comprehensive spatiotemporal dependencies, indicating its
reliance on the downstream components for temporal learning.

Other CNN-based architectures provide additional tradeoffs between computational
efficiency and modeling complexity. ResNet-18 [20] achieves a CER of 5.46% and benefits
from its lightweight and straightforward design, which helps reduce the risk of overfitting.
However, its simplicity limits its ability to model complex spatial and temporal patterns.
Similarly, MobileNet-224 [21] achieved a CER of 5.96%, offering computational efficiency
suitable for resource-constrained environments, albeit at the cost of reduced spatial and
temporal modeling capacities. EfficientNet-B0 [22] reported a CER of 6.02%, leveraging
EfficientNet’s scaling principles to balance model complexity and performance, although
its ability to model temporal dependencies remains limited.

The VGG-16 [19] architecture achieved a CER of 7.70%. Although VGG-16 ensures
stable spatial feature learning, its dated design and inefficiency in modeling temporal
relationships result in suboptimal performance for video-based tasks. The baseline 3D-
CNN, which lacked a dedicated front-end for advanced spatial feature learning, performed
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the worst, with a CER of 10.71%. This highlights the necessity of robust visual front-end
designs to achieve competitive performance.

These results highlight the complementary strengths and limitations of CNN and
transformer-based visual front-end architectures. Although CNN-based models offer
efficient localized feature extraction that is suitable for resource-constrained environments,
they struggle to capture long-range spatiotemporal dependencies. By contrast, transformer-
based models, including the Video Swin Transformer and ViT, effectively model the global
context and temporal dynamics, making them more suitable for complex video-based
tasks such as VSR. Overall, transformer-based front-ends demonstrate a clear advantage in
scenarios that require holistic sequence understanding.

5.2. Convergence Speed and Performance

We compared the convergence speed and performance of the CNN-based (3D-
CNN + DenseNet-121) and transformer-based (ViT and Video Swin Transformer) models
(Figure 5). Among the tested models, the proposed Dual-Stream Former achieved the
fastest convergence and lowest CER of 3.46%, despite having the second-largest parameter
count (168.6 M). This result highlights that performance and convergence are influenced
primarily by architectural efficiency rather than by parameter size alone. Specifically, Dual-
Stream Former benefits from a local window-based self-attention mechanism that focuses
on the computation of localized spatiotemporal regions, effectively reducing complexity
while preserving essential features. Furthermore, hierarchical representation learning pro-
gressively integrates fine-grained local features into higher-level global representations to
achieve a balance between efficiency and expressive capacity. These design characteristics
enable Dual-Stream Former to be rapidly and stably optimized, making it particularly
effective for high-dimensional video data. To assess generalizability, we compared the
training and validation CERs across epochs for all the models; the trajectories exhibited
closely aligned convergence without a widening training–validation gap, indicating limited
overfitting under our protocol (Figure 5).

 

Figure 5. Comparison of training (a) and validation (b) CERs across epochs for different visual
front-end architectures.

By contrast, ViT, with a parameter count of 166.6 M, converges at a moderate speed.
ViT employs a global self-attention mechanism that effectively captures long-range depen-
dencies across the entire spatiotemporal input. However, this global attention introduces
considerable computational overhead because its complexity scales quadratically with the
input size. This poses optimization challenges, particularly in high-dimensional video
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tasks with lengthy token sequences. Despite these limitations, ViT achieves a competitive
CER of 4.05%, demonstrating a strong capacity for spatiotemporal representation after
convergence. Although powerful, its flat token structure lacks the hierarchical inductive
biases inherent to the Video Swin Transformer, contributing to a slower initial optimization.

Although the CNN-based (3D-CNN + DenseNet-121) model had the smallest param-
eter count (109.2 M) among the three architectures, it exhibited the slowest convergence.
The reliance on 3D convolutions for spatiotemporal processing imposes significant compu-
tational demands because these operations require the simultaneous processing of both
spatial and temporal dimensions. Furthermore, the dense-connectivity pattern of DenseNet,
which is effective for feature reuse and gradient flow in small datasets, is inefficient for
large-scale video data. The deep and tightly connected structure of DenseNet results in
slower gradient propagation and optimization challenges, particularly in the initial stages
of training. Nevertheless, this architecture achieved a CER of 5.31%, demonstrating its
ability to effectively model the local spatiotemporal features.

These findings highlight that convergence speed is not dictated solely by parameter
count but rather by architectural design and its ability to efficiently capture spatiotemporal
dependencies in video data. The Video Swin Transformer, with its hierarchical and localized
attention mechanisms, has emerged as the most effective visual front-end, achieving an
optimal balance between rapid convergence and high accuracy. This makes it particularly
well suited for demanding VSR tasks, where both efficiency and performance are critical.

5.3. Comparison of Phonemes and Confusion Matrices

VSR faces significant challenges because of the inherent difficulty in distinguishing
visually similar phonemes, which are often grouped as visemes [2]. Many phonemes,
such as bilabial (/p/, /b/, /m/), alveolar (/t/, /d/, /n/), and labiodental (/f/, /v/)
sounds, share highly similar or nearly indistinguishable lip shapes, making them difficult to
differentiate without auditory cues. These categories are characterized by minimal or subtle
lip movements that provide limited visual distinctions. Additionally, diphthongs (e.g.,
/ai/, /au/, /ei/, /ou/), which involve continuous transitions between two vowel sounds,
further complicate recognition as they require the capture of precise, temporally dynamic
articulatory patterns. Such phoneme types exhibit varying levels of visual discriminability
in the VSR, posing significant obstacles to accurate lip reading.

5.3.1. Bilabial Sounds

Produced by closing and opening the lips, these sounds offer relatively clear visual
cues, yet their lip shapes are nearly identical, making them challenging to differentiate
(Table 4a).

5.3.2. Alveolar Sounds

Pronounced by the tongue contacting the alveolar ridge (e.g., /t/, /d/, /n/), these
sounds involve minimal lip movement, which further complicates visual recognition
(Table 4b).

5.3.3. Labiodental Sounds

Formed by the upper teeth touching the lower lip (e.g., /f/, /v/), these sounds provide
subtle visual cues, making them among the most challenging to distinguish (Table 4c).

5.3.4. Diphthongs

Characterized by continuous lip and jaw movements when two vowels are blended
within a single syllable, diphthongs present the greatest difficulty owing to their dynamic
and varied visual patterns (Table 4d).
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Table 4. A table of visually confusable phonemes categorized into bilabial, alveolar, labiodental, and
diphthongs, illustrating overlapping visual characteristics of lip movements.

(a) (b) (c) (d)
Bilabial Alveolar Labiodental Diphthongs

Pat Tip Fan (/f/) Buy (aI)
Bat Dip Van (/v/) Bow (aU)
Mat Nip Fit (/f/) Lie (aI)
Pan Tan ViT (/v/) Low (oU)
Ban Dan Fear (/f/) Tie (aI)
Man Nan Veer (/v/) Tow (oU)
Map Tap Fizz (/f/) Cry (aI)
Cap Dap Vis (/v/) Cow (aU)
Lap Nap Fail (/f/) Pie (aI)
Nap Net Veil (/v/) Pow (aU)

We conducted a recognition study using 30 pairs of words that were particularly
challenging in VSR. Among the examined phoneme categories, diphthongs presented the
highest CER, with the CNN-based model recording 16.60% and the transformer-based
model achieving a substantially lower CER of 10.39%, representing an absolute improve-
ment of 6.21%. This indicates the superior ability of the transformer model to capture
continuous and overlapping articulatory patterns, which require fine-grained temporal
modeling. Similarly, labiodental sounds such as /f/ and /v/ showed a notable CER re-
duction from 14.08% (CNN) to 8.55% (transformer), a 5.53% improvement, reflecting the
benefit of enhanced spatiotemporal attention in distinguishing subtle lip–teeth movements.
For alveolar phonemes (/t/, /d/, and/n/), which often involve minimal lip movement
and are visually ambiguous, the transformer-based model reduced the CER from 10.64%
to 6.82%, indicating a 3.82% absolute gain. Finally, bilabial phonemes (/p/, /b/, /m/),
although highly similar in terms of lip shape, also improved, with the CER decreasing from
9.49% (CNN) to 6.28% (transformer), a 3.21% reduction, suggesting an improved resolution
of subtle visual cues during lip closure and release.

In this study, we compared the performance of CNN (3D-CNN + DenseNet-121)-
and transformer (Video Swin Transformer)-based visual front-end structures in VSR, fo-
cusing on their ability to handle visually confusable phoneme groups (Table 5): bilabial,
alveolar, labiodental, and diphthongs. The experimental results, including confusion ma-
trices and quantitative metrics, indicate that the transformer-based approach consistently
outperformed the CNN-based method across all the phoneme categories.

Table 5. Performance of CNN (3D-CNN + DenseNet-121)- and transformer (Video Swin Transformer)-
based visual front-end structures.

Phonemes CNN Transformer

CER (%) 5.31 3.46
Bilabial (%) 9.44 5.26

Alveolar (%) 11.24 6.39
Labiodental (%) 15.7 9.25
Diphthong (%) 16.6 10.39

Transformers excel at capturing long-range temporal dependencies, which are critical
for recognizing dynamic phonemes, such as diphthongs. Diphthongs (Figure 6g,h) involve
continuous transitions between two vowels accompanied by complex and overlapping lip
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and jaw movements. The transformer-based structure achieved a significantly lower CER
of 10.39% compared with 16.60% for the CNN-based structure. This performance gain can
be attributed to the self-attention mechanism of transformers, which enables the effective
modeling of temporal variations and subtle visual cues across frames.

Labiodental sounds (Figure 6e,f) (/f/, /v/), characterized by subtle interactions be-
tween the upper teeth and lower lip, pose a significant challenge in VSR owing to limited
visual distinctiveness. The transformer-based approach demonstrated a marked improve-
ment in recognizing labiodental phonemes (9.25% CER) compared to CNNs (15.70%). This
is likely because of the transformer’s ability to focus on small, localized features while
simultaneously considering global contextual information, thereby reducing confusion
between similar phonemes.

For alveolar sounds (Figure 6c,d) (/t/, /d/, /n/), which involve minimal lip move-
ment and are articulated primarily through tongue placement, the transformer outper-
formed the CNNs (6.39% vs. 11.24%). This result highlights the ability of the transformer
to extract subtle visual features associated with minimal articulatory changes, thereby
overcoming the limitations of CNNs, which often rely on prominent spatial features.

Bilabial sounds (Figure 6a,b) (/p/, /b/, /m/), which presented clear visual cues
owing to lip closure and opening, were recognized with high accuracy by both models.
However, the transformer-based structure achieved a marginally lower accuracy (5.26%)
than the CNNs (9.44%), demonstrating its superior ability to generalize, even for visually
distinct phonemes. Quantitative analysis revealed a significant performance advantage
of the transformer-based structure over the CNN-based structure, with an overall CER
improvement of approximately 2% (3.46% vs. 5.31%). This improvement underscores the
transformer’s superior ability to model both the spatial and temporal aspects of visual
speech data, leading to more robust recognition across diverse phoneme categories.

The confusion matrices (Figure 6) indicate that the transformer-based models signifi-
cantly reduced misclassification, particularly among the visually confusable phoneme pairs.
Notable improvements were observed in distinguishing /f/ from /v/ (labiodental), /ai/
from /au/ (diphthongs), and /t/ from /d/ (alveolar), whereas the CNN-based models
presented higher confusion rates. The self-attention mechanism enables the transformer
to capture subtle articulation differences over time, which are often overlooked by CNNs
because of their limited temporal receptive fields.

Ablation considerations are as follows. Although the primary focus of this study is on
the overall effectiveness of the Dual-Stream Former relative to CNN- and flat transformer-
based baselines, we note that preliminary internal experiments provide indirect evidence
of the contribution of individual modules. For example, replacing the Conformer with
a standard transformer encoder led to a noticeable increase in CER, and removing the
hierarchical Swin front-end in favor of a flat CNN degraded recognition performance,
particularly on visually confusable phoneme groups such as diphthongs and labiodentals.
These observations are consistent with our confusion matrix analysis (Figure 6), where
improvements are concentrated in categories that benefit from both fine-grained tempo-
ral modeling and hierarchical spatial encoding. A full ablation study disentangling the
contribution of each component was not feasible within the current study’s scope because
of the computational cost of retraining multiple large-scale video transformer variants.
Nevertheless, we plan to conduct systematic ablation experiments in future work to more
rigorously quantify the relative impact of each component.
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Figure 6. Confusion matrices for visually confusable phonemes across four categories: bilabial,
alveolar, labiodental, and diphthongs, evaluated using two visual front-ends. Subfigures (a,c,e,g)
depict the results from the CNN-based visual front-end, whereas (b,d,f,h) represent the results from
the transformer-based visual front-end.
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5.4. Statistical Analysis

To further validate the performance of the evaluated visual front-end architectures,
we conducted a statistical analysis using paired t tests based on the CERs of four models:
3D CNN, 3D CNN with DenseNet-121, ViT, and Video Swin Transformer (Figure 7). The
evaluation involved ten participants (mean age: 27.9 years), all of whom were proficient
in IT but who were not involved in dataset construction. Each participant randomly
selected ten words from Table 2 and repeated them ten times, yielding 100 evaluations
per participant. To mitigate phoneme imbalance, the word pool was designed to cover a
representative distribution of major phoneme types, ensuring that no categories were over-
or under-represented in the test set.

 
Figure 7. Statistical comparison of CER across four visual front-end architectures: 3D CNN, 3D
CNN with DenseNet-121, ViT, and Dual-Stream Former. Box plots represent CER distributions
across 10 participants, with mean (×) and median (line) indicated. Paired t tests revealed statisti-
cally significant improvements of Dual-Stream Former over all other models, with corresponding
p values and effect sizes (Cohen’s d): 3D CNN (p = 5.6875 × 10−59, d = 2.41), 3D CNN + DenseNet-
121 (p = 4.1024 × 10−66, d = 2.12), and ViT (p = 1.1129 × 10−70, d = 1.89). These results highlight
the superior accuracy and stability of attention-based architectures for visual speech recognition.
(* indicates p < 0.05, ** indicates p < 0.01, *** indicates p < 0.001).

Among the architectures, the Video Swin Transformer achieved the lowest average
CER (4.06%), with a standard deviation (SD) of 1.79%, indicating both strong accuracy and
stable performance across participants. By contrast, the 3D CNN yielded the highest aver-
age CER (11.29%) with the greatest variability (SD = 3.76%), reflecting less consistent results.

Statistical comparisons using paired t tests revealed that the transformer-based mod-
els (ViT and Dual-Stream Former) significantly outperformed their CNN-based coun-
terparts. As illustrated in Figure 7, Dual-Stream Former demonstrated the lowest CER
among all the models, with statistically significant differences compared with 3D CNN
(p = 5.6875 × 10−59, Cohen’s d = 2.41), 3D CNN + DenseNet-121 (p = 4.1024 × 10−66,
d = 2.12), and ViT (p = 1.1129 × 10−70, d = 1.89). These effect sizes indicate a large-to-very
large practical significance, emphasizing the substantial impact of the Dual-Stream Former
architecture. Moreover, the narrow interquartile range of the box plots underscores its
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consistency and robustness across participants, highlighting the architectural advantages
of localized self-attention and hierarchical modeling in VSR.

In addition to the overall CER, we analyzed the phoneme-level error distributions.
Dual-Stream Former substantially reduced the number of errors in visually confusable cate-
gories such as diphthongs and labiodentals compared to CNN- and transformer-based base-
lines (Table 5; Figure 6), providing more fine-grained linguistic evidence of its effectiveness.

6. Discussion
This study investigated the effectiveness of the proposed Dual-Stream Former archi-

tecture for VSR, demonstrating notable performance improvements over both CNN-based-
and transformer-based baselines. Dual-Stream Former achieved a CER of 3.46%, outper-
forming 3D-CNN + DenseNet-121 (CER: 5.31%) and Vision Transformer (CER: 4.05%).
To assess robustness beyond statistical significance, we computed 95% confidence inter-
vals (95% CIs) for CER using participant-wise bootstrap resampling with 1000 iterations.
Dual-Stream Former achieved a CER of 4.06% (95% CI: [3.70%, 4.41]), confirming that its
superiority is consistent across speakers. The full CI results for all the models are provided
in the Supporting Information (Table S4). These improvements can be attributed to the
synergy between the Video Swin Transformer’s localized hierarchical attention mechanism
and the Conformer’s precise temporal modeling, which enables the network to capture
both global and fine-grained spatiotemporal features.

The model also excelled at recognizing visually confusing phonemes. Diphthongs,
known for their continuous transitions and articulatory complexity, were recognized with
a CER of 10.39%, which is substantially lower than the 16.60% observed in CNN-based
models. Similarly, for labiodental phonemes such as /f/ and /v/, the transformer-based
approach achieved a CER of 9.25% compared with 15.70% with CNNs. These results
highlight the ability of the transformer to model subtle and overlapping visual cues that
CNNs typically struggle to distinguish.

Another strength of Dual-Stream Former is its efficient training behavior. Despite
having 168.6 million parameters, second only among the evaluated models, it converged
faster than the other models. This efficiency is partly due to its localized window-based
attention, which limits the computational overhead by focusing on the most informative
spatiotemporal regions, a mechanism shown to significantly reduce complexity and accel-
erate convergence in other domains [44]. In addition, the hierarchical structure facilitates
the progressive abstraction of features, contributing to both generalizability and speed.

Within the controlled frontal-pose setting evaluated in this study, the dataset’s scale
(740,000 utterances; 616.67 h), balanced speaker composition (20 females/20 males; 40 to-
tal), and lexical diversity (185 classes across nine topical categories; Table 2) are adequate
to support generalization across speakers and lexical categories. Nevertheless, broader
generalizability to in-the-wild conditions—e.g., spontaneous speech, lighting variation,
occlusions, and larger head motion—should be established in future work; we plan to
conduct cross-dataset evaluations and additional data collection under more diverse cap-
ture settings.

With regard to novelty and added value, the proposed dual-branch Video Swin + Con-
former architecture attained the lowest CER (3.46%) with faster convergence (Figure 5) and
yielded disproportionate gains for visually confusable phoneme groups—especially diph-
thongs and labiodentals (Table 5; Figure 6). Evaluating on a large-scale, a high-resolution
dataset using a fixed within-subject validation split (Sections 4.1–4.3; Table 2) and re-
porting participant-wise tests (Section 5.4; Figure 7) provide reproducible evidence that
hierarchical video attention, paired with sequence-level Conformer modeling, improves
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visual-only speech recognition. This clarifies the conditions under which attention-based
visual front-ends outperform CNNs and flat transformers.

However, this study has several limitations. First, the high parameter counts and
computational demands of the model may hinder the deployment of resource-constrained
devices. Second, although extensive, the dataset was collected under controlled and
repetitive conditions, which potentially limits its generalizability to real-world scenarios.
Factors such as spontaneous speech, lighting variations, occlusions, and head movements
have not been sufficiently addressed. These aspects can influence the performance in real-
time or with in-the-wild settings and may increase the risk of overfitting. Finally, although
the model showed promising results in English, its performance in other languages and
multilingual datasets remains unexplored.

Regarding the choice of hybrid CTC/Attention, our architecture combines CTC and
attention to exploit their complementary strengths. CTC provides efficient frame-level
alignment but has limited language modeling capacity, whereas pure attention-based
models capture richer dependencies but often suffer from unstable alignments and slower
convergence. The hybrid approach integrates both advantages, resulting in more stable
training and improved accuracy. This balance has been consistently reported in prior
speech recognition research and is confirmed in our experiments, indicating that the hybrid
method is particularly well suited for visual speech recognition.

Future studies should focus on developing lightweight Dual-Stream Former variants
for real-time application and mobile deployment. Techniques such as attention pruning,
sparse computation, and adaptive inference can reduce latency without sacrificing perfor-
mance. Furthermore, extending the model to multilingual VSR introduces new challenges,
including language-specific visual overlap and pronunciation patterns. Exploring audio-
visual integration may also enhance robustness under conditions where visual input is
insufficient, such as in low-light environments or during rapid articulation.

Model compression techniques—including pruning, quantization, and knowledge
distillation—are promising approaches for reducing the 168.6 M parameters of our model.
Although the present study focuses on establishing a full-capacity baseline, systematic
exploration of lightweight variants remains a key direction for future research to enable
deployment on mobile and embedded platforms.

Ethical considerations are as follows. Although visual speech recognition enables
accessibility and user-facing applications, it could also raise concerns of surveillance or
non-consensual use. Our study is explicitly scoped to consent-based, user-facing contexts.
We stress that the deployment of lipreading systems must avoid covert applications, and
safeguards such as ROI-only processing, pseudonymization, and restricted access are
essential for responsible use.

A further limitation is that we did not adopt k-fold or nested cross-validation for
hyperparameter tuning and model selection; instead, we used a fixed, within-subject
validation split for computational feasibility. Future work will evaluate speaker-aware
k-fold (or leave-one-speaker-out) cross-validation to assess split sensitivity more fully.

Another limitation concerns the demographic composition of our dataset. All partici-
pants were young adults (mean age = 29.8 years, range 22–38 years), and no subject older
than 40 years was included. The cohort primarily consisted of Asian, Egyptian, and Pak-
istani participants, all of whom were proficient in English at a near-native level. Although
this recruitment strategy facilitated smoother execution of HCI-oriented experiments—
because younger adults are typically more familiar with IT devices—it also restricts the
generalizability of our findings. Future work should therefore expand recruitment to older
adults and more diverse populations to ensure robustness, fairness, and ecological validity.



AI 2025, 6, 222 22 of 25

In addition, this study did not include a full ablation analysis to isolate the contri-
butions of individual architectural components (e.g., Video Swin front-end, Conformer
back-end, or dual-branch design). Although indirect evidence from confusion matrices
and preliminary observations suggest that each component contributes meaningfully to
the observed performance gains, a systematic ablation study was not feasible within the
current study’s scope owing to the computational cost of retraining multiple large-scale
video transformer variants. Future work should conduct structured ablation experiments
to rigorously quantify the relative impact of each module.

7. Conclusions
This study introduced Dual-Stream Former, a hybrid transformer-based architecture

that integrates a Video Swin Transformer with a Conformer module, to address the key
challenges in VSR. The model achieved a CER of 3.46%, outperforming both CNN-based
and prior transformer-based alternatives in terms of accuracy, consistency, and conver-
gence speed.

Dual-Stream Former demonstrated particularly strong performance in recognizing
challenging phoneme types, such as diphthongs and labiodentals, owing to its capacity for
model overlapping and fine-grained spatiotemporal features. Although the large dataset
and high-resolution video recordings contributed to its robustness, the model architecture
played a critical role in achieving these results.

Although this model has significant computational requirements, its performance
underscores the feasibility of using transformer-based VSR systems in high-precision appli-
cations. With further optimization and adaptation, Dual-Stream Former has the potential
to serve a wide range of real-world applications, including silent communication tools,
accessibility technologies for hearing-impaired individuals, and privacy-aware interfaces
in public environments.

In summary, Dual-Stream Former has strong potential for advancing the field of VSR.
Ongoing efforts to improve efficiency, generalizability, and multimodal integration are
essential for realizing full applicability in diverse and dynamic speech recognition scenarios.
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