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Abstract: Multimodal interaction technologies enhance the planning of human-to-human virtual meetings that involve Call 

Centers located in one part of the world and customers in other activities through the use of interacting with people regardless 

of their languages thus addressing problems of culture, equity and more interaction and participation from humans is sought 

after. Hence, language translation and transcription in real-time is an important aspect of multimodal technologies. In addition 

to these functions, emotion analysis, natural language processing and sentiment analysis, in their turn, allow the host to 

understand how participants feel and the main ideas expressed in the audio or video minutes. Also, participants have the 

opportunity to record their notes, which will in turn be generated in the form of minutes using natural language processing. 

Thus, turning audio and videos into texts significantly improves the efficiency and quality of meetings with natural human 

engagement.  
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1 INTRODUCTION 

In the digital age, virtual meetings have become a 

crucial means of communication and collaboration. 

According to statistics, the global virtual meeting market 

reached billions of dollars in 2020, and it is expected to 

continue growing in the coming years. The COVID-19 

pandemic has driven many businesses and educational 

institutions to shift to remote work and online learning, 

leading to a surge in demand for virtual meetings. These 

meetings not only enhance work efficiency but also break 

geographical barriers, enabling more flexible communication 

and collaboration among individuals [1]. However, as the 

number of participants increases and communication needs 

diversify, traditional, single-mode interaction methods are 

insufficient to meet user demands. Therefore, improving user 

experience and interaction quality in virtual meetings is of 

paramount importance [2]. 

In this context, multimodal interaction technology 

emerges as a novel form of interaction that enhances the 

interactivity and sense of participation in virtual meetings by 

integrating multiple information delivery methods, such as 

voice, video, and text. The implementation of this technology 

relies on advanced speech recognition, natural language 

processing (NLP), and computer vision technologies, 

allowing users to achieve more natural and fluid 

communication during meetings. Moreover, multimodal 

interaction technology not only facilitates information 

sharing in meetings but also enhances the quality of 

interaction among users through features such as emotion 

analysis [3]. This paper systematically reviews the 

application of multimodal interaction technology in virtual 

meetings, analyzes its technical architecture and research 

progress, explores the needs and challenges in different 

scenarios, and anticipates future development directions. 

2 OVERVIEW OF MULTIMODAL 

INTERACTION TECHNOLOGY 

2.1 BASIC CONCEPTS OF MULTIMODAL 

INTERACTION 

Multimodal interaction is a kind of technology that can 

introduce into different perceptual modalities (like visual, 

auditory or tactile etc.) to support human computer 

interaction in order to gain more intuitive community and 

diversity for the users [4]. Compared with the general one-

mode interaction manner, multimodal interface technology 

can provide humans not only differently artificial information 

channel alternation and another part of several independent 

complementary channels in parallel use it to significantly 

improve system/event would affect on the user-friendly sex. 
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This technology applied in many areas such as virtual 

meetings, intelligent assistants, education and health by 

seeking to allow users interact with machines more 

continuously. 

Multimodal interaction has the characteristics of diverse 

information and easy to interact with users [5]. The essence 

of it is to deliver data through the means you communicate 

(face-to-face, video, in gestures etc) that enriches your 

communication. During virtual meetings, in addition to 

speaking with their voices, users can communicate using text 

input or facial expressions and gestures. This 

multidimensional way of information presentation is 

effective to address the communication limitations and 

compensates for it in traditional singl-mode, which also can 

improves user's perception ad immersion that are vital 

especially remote meetings & virtual collaboration scenarios 

[6]. 

Moreover, multimodal interaction technology 

emphasizes emotional expression, enabling the capture and 

transmission of emotions during the communication process 

[7]. Through video analysis and speech emotion recognition 

technologies, the system can assess users' emotional states in 

real time, such as joy, surprise, and anxiety, thereby enriching 

the emotional dimension of communication. Research 

indicates that in face-to-face interactions, non-verbal cues 

such as facial expressions, tone of voice, and body language 

play a significant role; the combination of these factors helps 

to convey users' true emotions more accurately, making 

virtual meetings or remote communications more vivid and 

warm. By incorporating these features, multimodal 

interaction technology not only enhances user experience but 

also opens new possibilities for human-computer interaction, 

facilitating more efficient and emotionally rich modes of 

communication. 

2.2 TECHNOLOGICAL FOUNDATIONS OF 

MULTIMODAL INTERACTION 

The realization of multimodal interaction relies on 

several advanced technologies that work synergistically to 

provide users with a smooth interactive experience. The 

primary technological foundations include: 

Speech Recognition: Speech recognition technology is 

one of the key components of multimodal interaction [8]. It 

converts users' spoken language into text, enabling machines 

to understand and respond to voice commands. In virtual 

meetings, speech recognition technology facilitates real-time 

subtitles and automatic meeting minutes, enhancing the 

efficiency of meetings and the user experience. Modern 

speech recognition technology can not only recognize 

multiple languages but also handle different accents and 

background noise, significantly improving its accuracy and 

applicability in complex scenarios. Furthermore, 

advancements in fine-tuning large language models have 

further enhanced the capabilities of speech recognition 

systems, particularly in specialized fields such as medical 

documentation [9]. As demonstrated in recent research, 

efficient fine-tuning methods enable these models to adapt to 

specific terminologies and contexts, resulting in improved 

performance and usability [10]. Beyond their impact on 

speech recognition, large language models have transformed 

the broader field of natural language processing (NLP). With 

their vast parameter sizes and deep contextual understanding, 

these models excel in generating human-like text, translating 

between languages, and performing complex tasks like 

summarization and question-answering with remarkable 

accuracy [11].  

Natural Language Processing (NLP): Natural language 

processing technology plays an essential role in multimodal 

interaction by analyzing and understanding text to extract key 

information and emotional states. NLP is used not only to 

transform speech recognition results into analyzable text but 

also to provide deeper understanding through semantic and 

sentiment analysis. For instance, NLP technology can assist 

virtual meeting systems in extracting key topics from 

participants' discussions and assessing the discussion 

atmosphere through sentiment analysis, thereby 

automatically generating meeting summaries or offering 

targeted feedback [12]. With the application of deep learning 

technologies, the capabilities of NLP in sentiment recognition, 

topic summarization, and automated question answering have 

significantly improved. 

Computer Vision: Computer vision technology enables 

systems to capture and interpret users' facial expressions, 

gestures, and other non-verbal behaviors through video 

stream analysis. By employing advanced facial recognition, 

posture estimation, and emotion analysis algorithms, 

computer vision technology can identify users' emotional 

states and body movements, providing the system with more 

contextual information. In virtual meetings, computer vision 

can help the system recognize which participants are engaged 

and which may be losing attention, thereby assisting the host 

in guiding discussions more effectively. Additionally, 

computer vision technology can be utilized for tasks such as 

automatically focusing on important speakers and identifying 

key content, further enhancing the intelligent experience of 

meetings [13]. 

The organic integration of these technologies allows 

multimodal interaction systems to respond to user needs in a 

more intelligent and intuitive manner. In the future, 

multimodal interaction technology is expected to further 

integrate with other technologies (such as Augmented Reality 

(AR) and Virtual Reality (VR)), driving comprehensive 

innovation and development in application scenarios like 

virtual meetings. 

2.3 APPLICATION SCENARIOS OF MULTIMODAL 

INTERACTION IN VIRTUAL MEETINGS 

Multimodal interaction technology has a wide range of 

applications in virtual meetings, covering aspects such as 

meeting organization, participation, feedback, and 



Journal of Computer Technology and Applied Mathematics 

Journal Home: http://jctam.suaspress.org | CODEN: JCTAAD 

Vol. 1, No. 4, 2024 | ISSN 3007-4126 (Print) | ISSN 3007-4134 (Online) | ISSN 3007-4142 (Digital)   

Published By SOUTHERN UNITED ACADEMY OF SCIENCES PRESS  62 

Copyright ©   2024 The author retains copyright and grants the journal the right of first publication.  
This work is licensed under a Creative Commons Attribution 4.0 International License. 

summarization. The goal is to enhance the efficiency, quality, 

and engagement of meetings. Here are some specific 

application scenarios: 

Real-Time Translation and Transcription: In 

multilingual environments, real-time translation and 

transcription functions can instantaneously convert spoken 

content into text and provide translation support between 

different languages[14]. This allows participants from 

diverse countries and cultural backgrounds to communicate 

seamlessly, increasing global participation in meetings. By 

integrating speech recognition and natural language 

processing technologies, participants can easily understand 

meeting content, preventing information loss due to language 

barriers. 

Sentiment Analysis and Feedback: Multimodal 

interaction technology can identify participants' emotional 

states (such as happiness, anger, or confusion) through video 

analysis techniques, providing real-time feedback to the 

meeting host. This sentiment analysis capability helps hosts 

understand the emotional fluctuations of participants, 

enabling them to adjust the pace, content, or interaction 

format of the meeting to ensure participants' engagement and 

satisfaction. 

Key Point Extraction and Meeting Summarization: 

During meetings, the system can automatically extract key 

points and generate meeting minutes. Utilizing natural 

language processing technology, the system can identify 

discussion topics, important decisions, and action items. This 

not only alleviates the burden on participants but also ensures 

accurate recording of critical information, aiding in follow-

up and implementation by the team. 

Enhanced Engagement and Interactivity: By combining 

video, audio, and text in multimodal interaction, participants 

can more authentically express their emotions and attitudes in 

virtual meetings. This enhanced sense of participation can 

foster deeper discussions and exchanges, allowing 

participants to experience higher levels of interactivity. 

Additionally, participants can interact with others through 

gestures, facial expressions, and other non-verbal cues, 

enhancing the collaborative atmosphere within the team. 

Personalized Learning and Feedback: In specialized 

virtual meetings, particularly in educational or training 

settings, the system can offer personalized learning 

suggestions and content adjustments based on participants' 

emotional responses and feedback. This personalized support 

not only improves learning effectiveness but also ensures 

participants remain engaged throughout the learning process. 

Security and Privacy Protection in Remote Meetings: 

Protecting the privacy and data security of participants is 

crucial in virtual meetings[15]. Multimodal interaction 

technology needs to ensure user data encryption and 

protection while facilitating interaction, preventing 

information leaks. By implementing secure user 

authorization and data management measures, trust in virtual 

meetings among participants can be enhanced. 

2.4 APPLICATIONS OF DEEP LEARNING IN 

VIRTUAL MEETINGS 

In recent years, deep learning has played a crucial role 

in enhancing multimodal interactions in virtual meetings. Liu 

et al. (2024) introduced a lightweight information split 

network for infrared image super-resolution, providing a 

solution to improve visual clarity in low-light or complex 

environments during virtual meetings[16]. Additionally, Cao 

et al. (2023) developed an adaptive receptive field U-shaped 

temporal convolutional network, which excels at recognizing 

behaviors, especially in detecting participant actions and 

emotional responses, enhancing real-time interaction within 

meetings[17]. 

For security and identity verification in virtual meetings, 

Li and Zhang (2022) proposed a Siamese network-based cat 

face recognition model, which can be adapted for biometric 

recognition in virtual meetings to ensure accurate participant 

verification[18]. Meanwhile, Zhang et al. (2024) developed 

an efficient traffic sign detection system based on YOLO-

PPA, which has high precision in real-time object detection, 

making it applicable for real-time monitoring and analysis in 

virtual meeting environments[19]. Furthermore, Zhang et al. 

(2024) integrated the Mamba and Transformer-MAT models 

for long-short range time series forecasting, showcasing its 

potential in analyzing complex data. This technology can be 

leveraged to predict participant behavior and process real-

time data in virtual meetings[20]. 

3 TECHNOLOGY ARCHITECTURE 

AND RESEARCH PROGRESS 

3.1 ACQUISITION AND PROCESSING OF 

MULTIMODAL DATA 

In multimodal interaction systems, the acquisition of 

multimodal data is the first step toward achieving its 

functionality, involving the collection and processing of 

various information sources such as audio, video, and text. 

Each data modality has its unique collection methods and 

processing requirements. The accurate acquisition of sensor 

data is crucial for ensuring the real-time performance and 

reliability of multimodal systems. For example, the study by 

Bačić, Feng, & Li (2024) demonstrates that through 

personalized algorithm optimization, the JY61 IMU sensor 

can provide more precise motion detection results. This 

personalized approach can enhance the interaction efficiency 

of sensor-based multimodal systems[21]. 

Audio Data Collection: User audio signals are collected 

through microphones. These audio signals typically contain 

rich information, such as linguistic content, tone, and 

emotional cues. To ensure the accuracy of subsequent 

analyses, audio data must undergo preprocessing after 
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collection, including background noise reduction and volume 

normalization. Following this, Automatic Speech 

Recognition (ASR) technology converts the audio into text, 

making its content analyzable by natural language processing 

(NLP) modules[22]. Additionally, emotional recognition can 

also be derived from audio data by analyzing vocal attributes 

such as pitch, speaking speed, and pauses to infer the user's 

emotional state. 

Video Data Collection: Users' facial expressions, eye 

movements, and body language are captured through cameras. 

These non-verbal cues are critical for understanding user 

attitudes and emotions. The processing of video data includes 

action detection, expression analysis, and attention estimation. 

In meeting scenarios, computer vision technology based on 

video can real-time identify participants' response states, such 

as attention levels and emotional changes, aiding the system 

in providing adaptive feedback. 

Text Data Collection: User text information is obtained 

through input devices such as keyboards, touchscreens, or 

speech-to-text applications. Text data not only conveys direct 

linguistic information but can also undergo semantic analysis 

and sentiment analysis using NLP techniques, extracting 

more valuable insights such as key points of the meeting, user 

emotions, and questions. 

Data Preprocessing: During the processing of 

multimodal data, data preprocessing is a critical step, 

typically involving noise removal, data normalization, and 

other operations to ensure data quality. Furthermore, feature 

extraction is the core of multimodal processing. The system 

needs to extract representative features from a vast amount of 

raw data for subsequent pattern recognition and modeling. 

Effective feature extraction can significantly enhance the 

system's ability to recognize and understand different 

modalities and lay the foundation for subsequent multimodal 

fusion[23]. 

This integrated approach allows multimodal systems to 

create a richer, more nuanced understanding of user 

interactions, facilitating more effective communication and 

collaboration in virtual meetings. 

3.2 INTERMODAL COLLABORATIVE PROCESSING 

MECHANISMS 

A core issue in multimodal interaction is how to 

coordinate and integrate data from different modalities, 

which refers to the collaborative processing between 

modalities. Data from different modalities possess 

complementarity, and by merging them, the system can 

obtain diverse and useful information from each modality. 

Existing research has proposed several main fusion strategies: 

early fusion, late fusion, and intermediate fusion. Early fusion 

involves integrating data at the data level, meaning that 

multimodal data is directly combined before feature 

extraction to form a unified data representation. This method 

can fully utilize the complementary information from each 

modality, thereby enhancing interaction performance. 

However, early fusion requires high demands for temporal 

alignment and quality consistency of the data, making it 

susceptible to the differences between modalities. For 

example, differing sampling rates between speech and video 

can lead to information loss or distortion during fusion. 

Compared to early fusion, late fusion involves the 

independent processing and feature extraction of data from 

each modality, followed by fusion at the decision level. This 

approach allows each modality module to operate 

independently, maintaining processing flexibility. While this 

method has advantages in modularity and scalability, it may 

result in inadequate utilization of the complementary 

information between different modalities, thereby affecting 

overall performance. Mid-level fusion, on the other hand, 

combines modalities at the feature level, where preliminary 

processing and feature extraction of data from each modality 

occur first, followed by fusion in the feature space. This 

approach retains the benefits of independent processing for 

each modality while enabling information sharing between 

modalities, thus enhancing the overall understanding 

capability of the system. With the advancement of deep 

learning technologies, researchers have begun to explore 

adaptive modality selection methods based on deep learning, 

which can automatically select the most representative 

modality for processing and fusion according to the context, 

making the system more flexible and efficient in complex 

interaction scenarios[24]. 

3.3 DEEP LEARNING-BASED MULTIMODAL 

MODELS 

Deep learning applications in multimodal interaction 

have driven rapid advancements in the entire field. Thanks to 

deep learning models such as Convolutional Neural Networks 

(CNNs), Recurrent Neural Networks (RNNs), and 

Transformers, the capability to process multimodal data has 

been significantly enhanced. These models reduce the 

complexity of manually designing features by automatically 

learning high-level representations of the data[25]. 

In multimodal interaction, CNNs are widely used for 

video processing. By capturing local image features from 

video frames, CNNs can effectively recognize details such as 

facial expressions and body movements. For example, in 

virtual meetings, CNNs can be employed to recognize 

participants' facial expression changes in real-time, helping 

the meeting system better understand the emotional states of 

attendees[26]. Additionally, 3D Convolutional Networks 

(3D-CNNs) can capture the spatiotemporal features of videos, 

enhancing the ability to recognize dynamic behaviors. RNNs 

and their variants, such as Long Short-Term Memory 

networks (LSTMs) and Gated Recurrent Units (GRUs), are 

extensively used for processing speech and text data[27]. 

They can capture dependencies in time series, enabling the 

system to better understand contextual information when 

analyzing continuous speech or text[28]. For example, RNNs 
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can assist speech recognition systems in accurately capturing 

semantic and emotional shifts during long conversations. The 

attention mechanism is also widely applied in multimodal 

interaction, especially when dealing with data that combines 

audio and visual information. For instance, Transformer 

models utilize attention mechanisms to automatically select 

the most relevant features for processing, thereby improving 

the efficiency and accuracy of data handling[29]. During the 

multimodal fusion process, attention mechanisms help the 

system extract important features from different modalities, 

facilitating efficient information integration. 

4 APPLICATIONS OF 

MULTIMODAL INTERACTION 

TECHNOLOGY IN VIRTUAL 

MEETINGS 

4.1 REAL-TIME TRANSLATION AND 

TRANSCRIPTION FUNCTIONS 

Such an on-demand translation service requires 

effective speech recognition technologies which are quite 

advanced and usually comprise three main phases, feature 

extraction, acoustic modeling and language modeling. 

Feature extraction is the earliest stage in the speech 

recognition process where techniques like Mel Frequency 

Cepstral Coefficients (MFCCs) and the rest turn the segment 

of audio collected to a format the machine learning models 

can handle. This step makes sure that the system would be 

able to effectively extract relevant contents from the speech. 

The next stage calls for the acoustic model where there 

is a relationship established between the phone waves and 

phonemes and vocabulary mapping. In contemporary times 

modern acoustic models include LSTMs (Long Short Term 

Memory) networks and Transformer structures that are deep 

learning based. LSTMs are effective in models where there 

are time-based sequences since they can memorize time 

dependant sequences of the data. LSTM is shown to be a very 

decent choice in classifying fake news; however, the long 

training time may pull it back some time[30]. Through self-

attention mechanisms that are present in the transformer 

system, features that are related to each other on a global scale 

can be captured which greatly enhances the system's accuracy 

and stability of recognition. 

Building on this foundation, language models further 

optimize the fluency and contextual consistency of generated 

text. Traditional N-gram models assist text generation by 

calculating the probabilities of word sequences, but modern 

neural language models (such as BERT and the GPT series) 

have gradually become mainstream, generating more natural 

and coherent text based on complex contextual relationships. 

By combining these technologies, real-time translation 

systems can achieve efficient multilingual communication, 

greatly reducing the challenges posed by language barriers. 

Natural Language Processing (NLP) technologies also 

play a crucial role in transcribing meeting content. During the 

transcription process, tokenization and syntactic analysis 

form the basis for understanding the text structure and 

semantic relationships. By using part-of-speech tagging and 

dependency parsing, the system can identify subject-verb-

object structures within the text, aiding subsequent topic 

modeling and information extraction. Additionally, topic 

modeling techniques (such as Latent Dirichlet Allocation 

(LDA)) can automatically identify the main themes from 

meeting discussions, enhancing the efficiency of information 

extraction. To ensure the adequate retention of important 

information, automatically generating meeting minutes 

requires the application of extractive and abstractive 

summarization techniques. These technologies can 

effectively extract key information and generate accurate, 

clear meeting records, providing a reliable basis for 

subsequent discussions and decision-making. 

4.2 APPLICATION OF SENTIMENT ANALYSIS 

Sentiment analysis monitors participants' emotional 

states in real time by analyzing non-verbal signals such as 

facial expressions and vocal characteristics. This involves 

technologies like facial expression recognition, voice feature 

analysis, and emotional feedback mechanisms. Facial 

expression recognition technology leverages Convolutional 

Neural Networks (CNN) and Regional Convolutional Neural 

Networks (R-CNN) to analyze participants' facial expressions 

in real-time. These models, trained on large datasets, can 

accurately identify various emotional states (such as anger, 

happiness, sadness, and confusion), providing feedback to the 

meeting host about the participants' emotional states, which 

helps in adjusting the flow of the meeting. 

Voice feature analysis is another critical component of 

sentiment analysis. By analyzing vocal features such as pitch, 

volume, and speech rate, combined with algorithms like 

Support Vector Machines (SVM) and Long Short-Term 

Memory networks (LSTM), the system can classify the 

emotional states of participants. Changes in pitch, variations 

in volume, and differences in speech speed reflect the 

emotional state of the participants, and the system provides 

real-time feedback based on these features. Additionally, the 

emotional feedback mechanism can offer the analysis results 

to the host in real-time, allowing them to adjust the meeting 

flow according to the participants' emotional states. For 

instance, if the system detects confusion or dissatisfaction 

from most participants, it can automatically prompt the host 

to clarify a concept or shift the direction of the discussion, 

thereby enhancing the interactivity of the meeting and 

improving participant satisfaction. 

4.3 AUTOMATIC MEETING MINUTES 

GENERATION 

The process of automatically generating meeting 

minutes relies on natural language processing (NLP) 
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technology, primarily involving three steps: speech 

transcription, key information extraction, and structured 

summary generation[31]. First, advanced speech recognition 

models such as DeepSpeech and Google Speech-to-Text are 

used to convert spoken content in the meeting into text. These 

models, trained on large datasets using deep learning 

techniques, can achieve high accuracy in speech-to-text 

conversion across various languages and accents, ensuring 

reliable transcription. 

After obtaining the text, key information extraction 

techniques identify important decisions, action items, and 

discussion points from the meeting. This process typically 

involves Named Entity Recognition (NER) and relation 

extraction techniques to ensure that the system efficiently 

extracts crucial information mentioned by the participants, 

laying a solid foundation for the meeting minutes. Lastly, 

structured summary generation techniques apply sequence-

to-sequence (Seq2Seq) models to create structured meeting 

summaries that include titles, themes, decisions, and action 

items. The Seq2Seq model's advantage lies in its ability to 

handle variable-length inputs and outputs, generating more 

coherent and natural summaries. Additionally, Seq2Seq 

models incorporating attention mechanisms can focus on key 

statements made by participants during the generation 

process, ensuring that the produced minutes are more 

representative and accurate. 

5 TECHNICAL CHALLENGES AND 

FUTURE OUTLOOK 

5.1 DATA PRIVACY AND SECURITY 

Multimodal interaction systems raise the need for 

defending user’s voice, video, text, and other data due to the 

increased use of cloud-based systems. To counter those 

instances, strong and enhanced encryption methods like 

homomorphic encryption and differential privacy are 

necessary so the data is secure during the ever evolving 

processing phases. Homomorphic encryption helps in 

computing over the encrypted data rather than decrypting it 

hence protecting users’ data privacy while differential 

privacy consists of adding noise to the data in order to conceal 

users’ identities and avert data leakage[32]. Therefore, in the 

upcoming studies, the provision of such demands will provide 

a detailed amount of attention on how to blend these privacy 

protection solutions and tools within the systems being 

utilized without affecting real-time interactivity of the system. 

In addition, federated learning as an emerging trend is 

advantageous because there is no need to send the actual data 

since the training of the model can still be carried out. 

Therefore, by training the model at each participant device 

and sharing only the trained model parameters to the central 

server, the chances of data loss and/or leakage are very 

minimal. This approach is particularly important for 

managing multilevel data during virtual meetings. 

5.2 PROCESSING AND INTEGRATION OF 

MULTIMODAL DATA 

The efficient processing and integration of data from 

different modalities remains one of the key technical issues 

in multimodal interaction systems. Every modality like voice, 

image, text is quite specific in its characteristics and its 

temporal nature, and traditional approaches to these problems 

do not adequately address the inter-domain problem. Deep 

learning based adaptive fusion models, have become quite 

important in this regard. 

Cross-modal attention mechanisms are very critical in 

the integration of the different modalities in the 

system. These mechanisms use context information to 

determine the importance of different modalities and 

thus control the behavior of the system to employ that 

most applicable modality. For instance, in a meeting, if 

a visual signal such as a facial expression differs with 

what the person is saying, then the attention head 

decides which is the primary focus and this increases 

the accuracy of the decision making. 

A further technique that may also be applied is the mid-

fusion. This consists of first extracting features from each 

modality and then integrating them at the feature space. This 

technique adds the disadvantages of collating beneficial 

resources from the different modalities and merging them all 

at once. It preserves the pros of processing the signals 

independently of one another and enhances the system ’ s 

comprehension of the interaction. Future works could be 

focused on 

5.3 MODEL OPTIMIZATION AND EFFICIENCY 

IMPROVEMENTS 

The effectiveness of the real-time multimodal 

interaction systems must be enhanced while dealing with 

large-scale online meetings[33]. However, deep learning's 

complex model architecture creates a disadvantage in 

resource use through costly computational excesses when 

working with video, audio and text data at the same time. To 

resolve this issue, future work can focus on pruning and 

quantization techniques. Model pruning involves the finding 

of less contributing model parameters, thereby lowering 

model complexity and increasing efficiency. Quantization is 

the conversion of floating point computation to low bit 

mathematics reducing the use of hardware resources. 

Through Note these two processes are useful in allowing the 

systems improve their realtime capability especially with 

high concurrency user data handling so as to meet the extent 

of the demands for real-time interaction. 

At the same time, the technique that allows to integrate 

information embedded in large and complicated models into 

smaller compact forms namely knowledge distillation can 

achieve great accuracy as well as save on computation 
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resources. In multimodal interaction scenarios, such models 

can also be trained through knowledge distillation, which in 

turn speeds up the process of dealing with real-time data 

thereby easing the pressure off the server. Distributed 

computing and edge computing will also enhance the 

efficiency of the system further. With the increase in the 

number of participants in virtual meetings, alone server will 

not be sufficient to gather and process all the data. Distributed 

computing architectures can distribute the processing tasks 

involving multimodal data over several servers or devices, 

thereby increasing the processing speed of the tasks 

significantly. Concurrently, some of the operations can be 

shifted to edge devices closer to where the data is generated 

such as personal user terminals or network edge nodes 

thereby lowering the congestion on network data transfer and 

improving real time responsiveness of the system. The 

integration of these technologies offers a robust technical 

assistance to ensure seamless execution of extensive virtual 

meetings. 

6 CONCLUSION 

Multimodal interaction technology has been gradually 

adopted into virtual meetings, which has improved the 

effectiveness of communication in terms of participation and 

time management, especially now that the trend towards 

remote work and global teamwork is on the rise. Enabling 

different technologies such as speech recognition, NLP, 

computer vision and sentiment analysis inside the virtual 

meetings is expected to bring a better experience by making 

the communication more natural rather than official. The 

addition of features such as real-time interpretation and 

transcription, sentiment analysis and feedback, as well as auto 

drafting of meeting minutes aids in communication by 

minimizing differences in languages and omission of vital 

information, making the participants more engaged and 

satisfied. At the same time, the adoption of multimodal 

interaction technology brings out technical issues such as data 

privacy and security, multimodal data processing and fusion, 

as well as model optimization and efficiency enhancement. 

However, with the increase of deep learning, distributed 

computing among other advanced technologies, more 

flexibility and efficiency are expected in virtual meetings, 

especially in large scale concurrent complicated interaction 

situations. By optimizing algorithms and applying techniques 

such as federated learning, model pruning, and quantization, 

the real-time and interactive nature of virtual meetings will 

be further enhanced. Overall, multimodal interaction 

technology will drive the development of virtual meetings in 

the future, becoming an important tool for improving the 

efficiency of global collaboration and communication in 

enterprises and organizations. As relevant technologies 

continue to improve and innovate, the application scenarios 

of virtual meetings will become more widespread and in-

depth, further promoting efficient and immersive remote 

collaboration and communication. 
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