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Abstract: As video conferencing becomes increasingly integral to modern communication, the need for high-quality 

synchronization between speech and visual elements is paramount. Speech Activity Detection (VAD) and lip synchronization 

technologies play crucial roles in ensuring accurate, real-time communication by distinguishing speech signals from noise and 

aligning lip movements with audio. This paper proposes a novel multimodal fusion approach based on deep learning models 

that significantly improves the accuracy of speech activity detection and the real-time performance of lip synchronization. 

Using open datasets such as AVSpeech and LRW, this study showcases the effectiveness of the proposed models in various 

real-world scenarios, such as multi-party conferences, noisy environments, and cross-lingual settings. Experimental results 

demonstrate that the LSTM-based VAD model achieves an accuracy of 92%, outperforming traditional methods, while the lip 

synchronization module ensures seamless audio-visual alignment with minimal delay.  
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1 INTRODUCTION 

The rapid adoption of video conferencing platforms has 

made them essential for remote communication. However, 

maintaining high-quality user experience in these platforms 

requires efficient synchronization of speech and video, 

particularly lip movements. Misalignment between audio and 

visual elements, also known as "lip-sync drift," can 

significantly degrade communication quality. This issue is 

often encountered in noisy environments or during multi-

speaker conversations. 

Speech Activity Detection (VAD) and lip 

synchronization are two critical technologies that contribute 

to minimizing this problem. VAD distinguishes between 

speech and non-speech audio signals, while lip 

synchronization ensures that the speaker's lip movements 

match the sound of their speech. However, existing methods 

often suffer from limitations in noisy environments or multi-

speaker contexts. 

This paper proposes a deep learning-based multimodal 

fusion method that combines speech activity detection and lip 

synchronization. By using open datasets such as AVSpeech 

(Ephrat et al., 2018) and LRW (Chung et al., 2017), we aim 

to enhance the synchronization between audio and video, 

improving the overall video conferencing experience. This 

method utilizes an LSTM-based model for VAD and 

Dynamic Time Warping (DTW) for lip synchronization. 

2 RELATED WORK 

2.1 EXISTING METHODS FOR SPEECH ACTIVITY 

DETECTION 

Voice Activity Detection (VAD) is a critical technology 

for distinguishing speech signals from non-speech signals. 

Existing methods can be categorized into energy-based 

traditional methods, machine learning-based methods, and 

deep learning-based methods. 

Traditional VAD methods primarily include energy-

based detection and machine learning-based approaches. 

Energy-based VAD methods detect speech activity by 

measuring the short-term energy of the audio signal. These 

methods work well in quiet environments but perform poorly 

in noisy settings. From theoretical Basis is Detect speech 

activity by calculating the Short-Time Energy (STE) of audio 

signals. In quiet environments, energy-based methods can 

effectively detect speech activity. For example, on the TIMIT 

dataset, this method achieves 80% accuracy in low-noise 
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conditions. However, In high-noise environments, energy-

based methods often misclassify background noise as speech. 

For instance, in a café environment, accuracy drops to 60%. 

For instance, in low-noise conditions, energy-based methods 

can achieve an accuracy of around 80%, but this performance 

drops significantly in noisy environments . 

Machine learning-based approaches, such as Support 

Vector Machines (SVM) or Hidden Markov Models (HMM), 

are used to classify speech and non-speech segments. From 

theoretical Basis: Use Support Vector Machines (SVM) or 

Hidden Markov Models (HMM) to classify speech and non-

speech signals. Features include Mel-Frequency Cepstral 

Coefficients (MFCC) and Zero-Crossing Rate (ZCR). On the 

AVSpeech dataset, SVM-based methods achieve 85% 

accuracy in noisy environments. However, Machine learning 

methods rely on handcrafted feature extraction and struggle 

in complex acoustic environments. For example, in multi-

speaker scenarios, accuracy drops to 70%. A study on the 

TIMIT dataset demonstrated that SVM-based VAD achieves 

an accuracy of 85% in quiet conditions, but accuracy drops to 

70% in noisy environments . 

Deep learning methods, particularly those using 

Convolutional Neural Networks (CNN) or Recurrent Neural 

Networks (RNN), have shown promising results for speech 

activity detection. Theoretical Basis: Use LSTM or 

Transformer models to learn features directly from raw audio 

signals. The LSTM formula is:ℎ𝑡=LSTM(𝑥𝑡,ℎ𝑡-1). where 𝑥𝑡 
is the input feature, and ℎ𝑡 is the hidden state. On the CHiME-

5 dataset, an LSTM-based VAD model achieves 92% 

accuracy in noisy environments.However, Deep learning 

models require significant computational resources and are 

difficult to run in real-time on low-power devices. 

LSTM-based models, in particular, offer superior 

performance due to their ability to capture long-term 

dependencies in the audio signal. For example, an LSTM-

based VAD model trained on the AVSpeech dataset achieved 

92% accuracy, outperforming traditional methods, especially 

in noisy environments . 

2.2 LIP SYNCHRONIZATION TECHNIQUES 

Lip Synchronization is a critical technology for ensuring 

temporal consistency between audio and video. Lip 

synchronization is the process of aligning the movements of 

a speaker’s lips with the corresponding speech.Traditional 

methods rely on simple frame-based correlations, while 

modern techniques employ deep learning models for more 

accurate and natural synchronization. Existing methods 

include feature-based matching methods and time alignment 

algorithms. 

Feature-Based Matching Methods, from theoretical 

Basis: Detect lip keypoints (e.g., mouth corners, lip peaks) 

and match their motion trajectories with audio signals. For 

example, On the LRW dataset, feature-based methods 

achieve a synchronization error of 50ms in quiet 

environments .However, in complex lighting or fast-motion 

scenarios, keypoint detection often fails. For example, during 

rapid head movements, the synchronization error increases to 

100ms. 

Time Alignment Algorithms, from theoretical Basis: 

Use Dynamic Time Warping (DTW) to align audio and video 

streams. DTW algorithms have high computational 

complexity and are difficult to run in real-time applications. 

On the AVSpeech dataset, DTW-based methods reduce 

synchronization errors to 20ms . 

Generative Adversarial Networks (GANs) have also 

been applied to generate realistic lip movements based on 

audio features. These models predict the shape and movement 

of the lips corresponding to the audio input, providing highly 

realistic and synchronized video output. 

2.3 MULTIMODAL FUSION TECHNOLOGY  

Multimodal fusion technology enhances VAD and lip 

synchronization performance in video conferencing by 

combining audio and visual information. In audio-Visual 

Fusion:From theoretical Basis, use deep learning models (e.g., 

CNN+LSTM) to process both audio and video data. For 

example, audio features are extracted by LSTM, and video 

features are extracted by CNN. 

For example, in Zoom meetings, multimodal fusion 

methods improve VAD accuracy to 95% and reduce 

synchronization errors to 15ms. In formula, we can see, 

y=CNN(𝑣)+LSTM(𝐴), where V is the video frame, and A is 

the audio frame. From Deep Learning in Multimodal Signal 

Processing,we can see  on the CHiME-6 dataset, multimodal 

fusion methods achieve an F1 score of 90% in noisy 

environments . 

2.4 LIMITATIONS OF EXISTING METHODS IN 

VIDEO CONFERENCING APPLICATIONS 

Existing methods for voice activity detection (VAD) 

and lip synchronization face several limitations when applied 

to video conferencing scenarios. These limitations are 

particularly evident in real-world use cases, as illustrated 

below: 

2.4.1 Sensitivity to Noise 

In a video conference held in a noisy environment (e.g., 

a café or a busy office), traditional energy-based VAD 

methods often fail to distinguish speech from background 

noise. For instance, during a Zoom meeting in a café, the 

energy-based VAD method misclassified the sound of coffee 

machines and chatter as speech, resulting in a false positive 

rate of over 40% . This significantly degrades the user 

experience, as non-speech sounds are incorrectly transmitted 

as active speech.[1] 

2.4.2 High Computational Complexity 

Dynamic Time Warping (DTW), a commonly used 

algorithm for lip synchronization, has high computational 
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complexity. In a real-time video conferencing scenario, DTW 

requires significant processing power to align audio and 

video streams. For example, during a Microsoft Teams 

meeting with 10 participants, the DTW algorithm caused a 

latency of over 200ms, leading to noticeable audio-video 

desynchronization. This latency is unacceptable for real-time 

communication, where even a delay of 50ms can disrupt the 

natural flow of conversation. 

2.4.3 Lack of Real-Time Performance 

Deep learning-based VAD and lip synchronization 

models, while accurate, often require substantial 

computational resources. For instance, an LSTM-based VAD 

model running on a low-power device (e.g., a smartphone) 

during a Google Meet session experienced a processing delay 

of 300ms, making it unsuitable for real-time applications. 

Similarly, a CNN-based lip synchronization model failed to 

maintain real-time performance on a laptop with integrated 

graphics, resulting in a synchronization error of over 100ms. 

2.4.4 Difficulty in Handling Multi-Speaker Scenarios 

In a multi-speaker video conference (e.g., a webinar or 

team meeting), traditional VAD methods struggle to identify 

the active speaker accurately. For example, during a webinar 

with 50 participants, an SVM-based VAD model incorrectly 

identified overlapping speech segments, leading to a recall 

rate of only 70%. This limitation is particularly problematic 

in scenarios where multiple participants speak 

simultaneously or interrupt each other. 

2.4.5 Challenges in Cross-Language Applications 

Lip synchronization methods often fail to adapt to 

different languages and accents. For instance, during an 

international video conference with participants speaking 

English, Mandarin, and Spanish, a feature-based lip 

synchronization method misaligned audio and video streams 

by over 150ms for non-English speakers (Chung et al., 2017). 

This issue arises because lip movements vary significantly 

across languages, and traditional methods are not designed to 

handle such variability[2]. 

2.4.6 Limited Generalization to Diverse Environments 

Existing methods are often trained on specific datasets 

and struggle to generalize to diverse environments. For 

example, a deep learning-based VAD model trained on the 

AVSpeech dataset performed well in studio-like conditions 

but failed in outdoor environments, such as a construction site, 

where the accuracy dropped to 65%. This lack of 

generalization limits the practicality of these methods in real-

world video conferencing applications. 

3 METHODOLOGY 

3.1 SYSTEM ARCHITECTURE OVERVIEW 

The proposed methodology focuses on enhancing video 

conferencing experiences by addressing two key challenges: 

speech activity detection (VAD) and lip synchronization. 

These technologies are essential for ensuring that speech is 

accurately detected amidst noise and that lip movements in 

video correspond seamlessly to the speech audio.[3]The 

integration of these techniques enables real-time 

communication with minimal delay and robust 
performance even in noisy or challenging environments. 

The proposed system is a multimodal fusion framework 

that combines Voice Activity Detection (VAD) and Lip 

Synchronization technologies to enhance the real-time 

performance and user experience of video conferencing. 

The system consists of three modules: 
Voice Activity Detection Module: Uses deep learning 

models to extract features from audio signals and detect 

speech activity. 

Lip Synchronization Module: Extracts lip motion 

features using computer vision techniques and aligns them 

with audio signals. 

Multimodal Fusion Module: Combines audio and visual 

information for end-to-end training and inference. 

The system framework is as follows: 
Audio Input → Voice Activity Detection → Lip 

Synchronization → Multimodal Fusion → Output 

Video Input ↗ 

3.2 SPEECH ACTIVITY DETECTION: 

In video conferencing, detecting when someone is 

speaking is crucial for enabling synchronized communication. 

Traditional VAD methods are often limited by environmental 

noise or multiple speakers, leading to delays or incorrect 

detection of speech activity. Our approach integrates LSTM-

based models to overcome these challenges. 

3.2.1 LSTM-Based VAD 

Long Short-Term Memory (LSTM) networks excel in 

capturing temporal dependencies in sequential data. LSTM is 

Captures temporal dependencies in audio signals. [3]Formula 

is ℎt=LSTM(xt,ℎt−1). Transformer: Extracts global features 

using Self-Attention. Formula is 

Attention (Q, K, V)=softmax(
QKT

√dk
）V . The combination of 

LSTM and Transformer has proven effective in real-life 

behavior analysis. We optimize this framework for our 

dataset[24]. 

For VAD, LSTM is trained to classify audio frames as 

either speech or non-speech. The strength of LSTM lies in its 

ability to remember contextual information over long 

sequences, which is particularly important when dealing with 

background noise, overlapping speech, or abrupt speech 

interruptions.[4] 

In real-time video conferences, LSTM-based VAD 

ensures that:Speech is accurately detected even when 

multiple speakers are involved.Non-speech noise (e.g., 
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background chatter, typing, etc.) is minimized, reducing false 

positives.[5]The detection rate remains high even under noisy 

conditions, improving conference quality. 

For example, in a café or office with background noise, 

traditional VAD models may struggle, but our LSTM-based 

approach maintains an accuracy rate of 90% or higher, 

ensuring smooth communication without false detections.[6] 

3.2.2 Data Integration for Speech Activity Detection  

The integration of audio features such as Mel-

Frequency Cepstral Coefficients (MFCC) and spectral 

features (e.g., power spectral density) allows the LSTM 

model to accurately differentiate between speech and non-

speech sounds. [7]By combining both frame-level 

classification and long-term context, the model becomes 

more robust in various real-world scenarios. 

3.3 LIP SYNCHRONIZATION 

Lip synchronization ensures that the speaker’s lip 

movements in the video match the speech audio, creating a 

more natural and realistic communication experience. 

However, achieving lip-sync in real-time video conferencing 

involves challenges such as delays and synchronization drift. 

We can Use Haar cascades or deep learning models to detect 

lip regions. Input lip region images and extract motion 

features through convolutional layers.[8] 

3.3.1 CNN-Based Lip Movement Extraction  

To solve this, we use Convolutional Neural Networks 

(CNNs) to extract lip region features from video frames. The 

CNN captures dynamic patterns in the lip movements by 

analyzing a sequence of video frames. The system then uses 

Dynamic Time Warping (DTW) to align the audio stream 

with the visual stream, ensuring that lip movements 

correspond correctly to the speech audio. 

In a typical video conference, lip-sync errors can cause 

significant disruptions. The proposed system reduces the 

audio-video sync error to below 20 milliseconds, ensuring 

that there is no noticeable delay between the audio and the 

speaker’s lip movements.[9] 

3.3.2 Data Integration for Lip Synchronization  

The integration of both audio features and lip movement 

features allows the system to predict and adjust lip 

movements in real-time. By aligning the audio input with the 

video frames using DTW, we ensure that the audio-visual 

content is tightly synchronized. This integration significantly 

improves the real-time communication experience, as the lip 

movement closely matches the speech, even during quick 

speech transitions or overlapping speech. 

3.4 REAL-TIME COMMUNICATION 

OPTIMIZATION  

Joint Modeling of Audio and Visual Data: 

Use a multimodal Transformer model to process both 

audio and video features. Formula : y=Transformer(CNN(v)), 
LSTM(𝐴) 

End-to-End Training:Train using a joint loss function 

(e.g., cross-entropy loss and mean squared error). Case Study: 

In Zoom meetings, the multimodal fusion method improves 

VAD accuracy to 95% and reduces synchronization errors to 

15ms.[10] 

For video conferencing, real-time processing is essential 

to ensure low latency and high accuracy. The combined use 

of LSTM for VAD and CNN for lip synchronization allows 

us to achieve real-time processing without sacrificing the 

quality of speech detection or lip synchronization. [11]This 

method is particularly crucial in scenarios where there is high 

speaker turnover or background noise, as both speech and 

video features are continuously processed and updated. 

3.5 OVERCOMING TRADITIONAL MODEL 

LIMITATIONS 

Traditional models for speech activity detection often 

struggle with real-time performance in noisy environments or 

multi-speaker contexts. They are typically reactive and do not 

consider long-term context or overlapping speech. In contrast, 

the LSTM-based model used here can efficiently process and 

classify speech activity by incorporating both short-term and 

long-term temporal patterns, allowing for dynamic 

adjustments in real-time. 

Similarly, traditional lip-sync models often fail to 

maintain real-time performance when dealing with fast 

speech or challenging visual input. [12]The integration of deep 

learning models with DTW-based synchronization ensures 

that lip movements remain closely aligned with speech in 

real-time, even in challenging video conditions such as low 

resolution or motion blur. 

3.6 DATA EVALUATION  

The effectiveness of our approach is demonstrated using 

the AVSpeech and LRW datasets, both of which provide real-

world, diverse conditions for evaluating VAD and lip 

synchronization. 

The AVSpeech dataset consists of multilingual audio-

visual data, which is valuable for testing the system’s ability 

to handle different languages and accents. In noisy 

environments such as background chatter or traffic sounds, 

the LSTM-based VAD model achieved an accuracy of 92% 

for detecting speech, while the lip synchronization model 

maintained synchronization errors within 20ms. 

The LRW dataset focuses on lip-reading tasks. It was 

used to evaluate the performance of the lip synchronization 

system in real-world scenarios, particularly with fast speech 

and varying speaker dynamics. [13]The integration of audio 

features (MFCC) and lip movement features (CNN-based 

visual descriptors) helped achieve a real-time sync error of 
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less than 20ms. 

3.7 CHALLENGES AND SOLUTIONS IN NOISY 

ENVIRONMENTS 

In noisy video conferencing environments, traditional 

VAD systems are often prone to errors, either detecting non-

speech noise as speech or failing to detect actual speech. To 

overcome this, we use LSTM networks that learn long-term 

temporal dependencies in speech, enabling them to 

differentiate between noise and speech even in challenging 

acoustic environments. 

For instance, when a conference takes place in a café or 

a shared office, where background noise like chatter or typing 

may interfere, the LSTM model ensures a detection accuracy 

of over 90%, significantly reducing the impact of background 

noise. [14]Furthermore, the integration of CNN-based lip 

motion extraction and DTW alignment ensures that even in 

these noisy conditions, lip synchronization remains intact, 

offering a seamless communication experience. 

4 EXPERIMENTS AND RESULTS 

4.1 EVALUATION METRICS  

In evaluating the effectiveness of the proposed method 

for enhancing real-time video conferencing, we use a 

comprehensive set of metrics to assess its performance. These 

metrics include Accuracy, Recall, F1-Score, and 

Synchronization Accuracy.[15]Evaluation Metrics Definitions: 

Accuracy: The ratio of correctly predicted instances to 

the total instances. 

Accuracy=
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
, Where TP = True Positives, 

TN = True Negatives, FP = False Positives, FN = False 

Negatives. 

Recall: The ability of the model to detect actual speech 

activity, defined as: 

Recall=
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

F1-Score : The harmonic mean of Precision and Recall, 

used to balance both metrics: 

F1-Score=
2×Precision×Recall

Precision+Recall
 

Synchronization Accuracy: Measures the alignment 

between the lip movements and the corresponding audio, 

calculated as the mean deviation (in milliseconds) between 

the lip movements and the speech audio. 

4.2 EXPERIMENT SETUP 

The experiments were conducted using a range of 

hardware and software configurations to ensure the 

robustness of the proposed method under various conditions. 

Below are the details of the experimental setup.[16] 

Hardware Configuration: 

Processor: Intel Core i9-12900K (16 cores, 24 threads) 

RAM: 64 GB DDR5 

Graphics Card: NVIDIA RTX 3080 (10 GB VRAM) 

Storage: 1TB SSD 

Microphone: Shure SM7B (Dynamic Microphone) 

Camera: Logitech C922 HD Pro (1080p video capture) 

Network: 1 Gbps fiber optic connection 

Software Configuration: 

Operating System: Ubuntu 22.04 LTS 

Deep Learning Frameworks: TensorFlow 2.8, PyTorch 

1.10 

Lip Sync Algorithm: Custom CNN-based lip motion 

extraction with Dynamic Time Warping (DTW) 

Speech Activity Detection: LSTM-based VAD model 

Audio Processing Library: Librosa for audio feature 

extraction 

Video Processing Library: OpenCV for video frame 

processing 

4.3 EXPERIMENTAL RESULTS  

We tested the proposed method on several datasets and 

real-world scenarios. The results were compared with 

traditional approaches in terms of the following metrics: 

Accuracy, Recall, F1-Score, and Synchronization 

Accuracy.[17]The table below presents the performance of the 

proposed method compared to traditional models (based on 

common VAD and lip-sync techniques) across different 

scenarios. 

Scenario Accura

cy (%) 

Reca

ll 

(%) 

F1-

Scor

e 

Synchronizati

on Accuracy 

(ms) 

Multi-

Speaker 

Dialog 

90.5 89.2 0.89 18ms 

High Noise 

Environmen

t 

88.1 85.5 0.87 22ms 

Multi-

Language 

91.3 90.7 0.90 15ms 

Real-World 

Application 

(Home/Offi

ce) 

93.5 91.8 0.92 12ms 

Traditional Method Comparison  

Traditional methods (based on older VAD and lip-sync 

models) tend to perform less effectively in noisy 

environments or with multiple speakers. Here’s the 

comparison of the Accuracy, Recall, and Synchronization 
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Accuracy of our method against a typical baseline.[18] 

Method Accuracy 

(%) 

Recall 

(%) 

Synchronization 

Accuracy (ms) 

Proposed 

Method 

90.5 89.2 18ms 

Traditional 

VAD 

78.4 75.3 50ms 

Traditional 

Lip Sync 

80.1 78.5 45ms 

Multi-Speaker Dialogue:In a scenario with multiple 

speakers, the Proposed Method achieved an Accuracy of 

90.5%, significantly higher than the traditional method 

(78.4%). The LSTM-based VAD model allowed for more 

accurate speech detection despite overlapping speech, and the 

CNN-based lip-sync model minimized errors in 

synchronization, leading to a more natural conference 

experience.[19] 

High Noise Environment:In noisy environments, such 

as a café or crowded office, the proposed method 

outperformed the traditional approach by detecting speech 

with an accuracy of 88.1% and maintaining synchronization 

accuracy within 22 ms. [20]Traditional methods struggled with 

noise, resulting in a drop in recall and accuracy. Our LSTM-

based VAD reduced false positives in speech detection, while 

the CNN model ensured that lip synchronization remained 

accurate even under challenging acoustic conditions.[21] 

Multi-Language Scenario:In multi-language scenarios, 

where speech and lip movements are more complex, the 

proposed method showed exceptional performance. It 

achieved an accuracy of 91.3% and recall of 90.7%, 

outperforming traditional models. This was due to the LSTM 

model's ability to handle linguistic variations and background 

noise, and the deep learning-based lip synchronization 

effectively adapted to different linguistic lip movements.[22] 

Real-World Application:When deployed in typical 

home or office environments, the method showed excellent 

real-world applicability, with Accuracy reaching 93.5%. The 

system handled everyday speech patterns with ease, ensuring 

that both speech detection and lip synchronization were 

accurate, providing a seamless user experience.[23] 

4.4 DISCUSSION OF METHOD’S ADVANTAGES 

AND LIMITATIONS 

Advantages: High Accuracy in Noisy Environments: 

The proposed LSTM-based VAD is highly effective in 

detecting speech even in noisy conditions, significantly 

outperforming traditional methods. 

Real-Time Lip Synchronization: The CNN-based lip 

motion extraction combined with DTW ensures real-time lip 

synchronization with minimal delay, improving user 

experience in video conferencing. 

Multi-Speaker and Multi-Language Adaptability: The 

system’s robustness in handling multiple speakers and 

various languages ensures its versatility in diverse real-world 

scenarios. 

Low Synchronization Error: Achieving synchronization 

errors below 20 ms ensures a more natural and lifelike 

communication experience. 

Limitations:Computational Complexity: The deep 

learning models used for VAD and lip synchronization are 

computationally intensive, requiring high-performance 

hardware for real-time processing.[24] 

Dependency on High-Quality Input: While the system 

performs well in real-world applications, lower-quality video 

or audio input (e.g., low-resolution cameras or poor 

microphones) may negatively affect performance.[25] 

Training Data Bias: The effectiveness of the model can 

be influenced by the quality and diversity of the training data. 

For instance, regional accents or low-resource languages 

might reduce performance. 

4.5 FUTURE RESEARCH DIRECTIONS 

There are several key areas where future research could 

improve upon the current method: Improved Noise 

Robustness: While the method performs well in noisy 

environments, further improvements can be made to enhance 

its robustness in extreme noise conditions, such as in 

industrial environments or urban settings.[26] 

Cross-Domain Adaptation: Developing models that can 

quickly adapt to different domains (e.g., different industries, 

environments) or individual speakers could help improve 

performance in a wider range of scenarios. 

Real-Time Processing Optimization: Optimizing the 

models to run more efficiently on lower-end hardware or 

through cloud-based systems would make the technology 

more accessible to users with limited computational 

resources.[27] 

End-to-End Audio-Visual Modeling: Combining audio 

and visual data into a unified end-to-end deep learning model 

could eliminate the need for separate speech activity 

detection and lip synchronization systems, potentially 

improving synchronization accuracy and processing speed. 

Multi-modal Data Integration: Future models could 

integrate additional modalities, such as emotion detection 

from facial expressions or body language, to further enhance 

the communication experience.  

5 CONCLUSION 

This paper presents a deep learning-based multimodal 

fusion method for improving video conferencing experiences 

by enhancing both speech activity detection and lip 

synchronization. The proposed LSTM-based VAD model 

achieves high accuracy in both quiet and noisy environments, 

and the lip synchronization module ensures minimal audio-

visual drift. By leveraging open datasets such as AVSpeech 
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and LRW, we demonstrated the practical application of these 

technologies in real-world scenarios, such as multi-party 

conferences and cross-lingual meetings. Future work will 

focus on optimizing these models for even lower latency and 

greater scalability in large-scale conferences.  
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