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ABSTRACT 

This paper discusses the research methods of dialect detection and recognition in intelligent 
navigation systems based on multimodal large language models, points out the development trend 
of today's intelligent navigation systems and the important application of speech recognition 
technology in them. It focuses on the progress, basic principles and practical applications of current 
research, and summarizes the key technologies of dialect detection, including data collection, model 
design and system integration, by reviewing a large number of literatures. Specifically, this paper 
covers the acquisition and fusion of voice data and image data, feature extraction and recognition 
algorithms based on large language models, multimodal fusion strategies, and optimization methods 
for the system in terms of real-time performance and user experience. Through these technical 
means, it aims to improve the adaptability and user experience of intelligent navigation systems in 
multilingual environments, and provide more accurate and personalized navigation services. 
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1. INTRODUCTION 

Embodied intelligence refers to an intelligent system in which an agent (system, robot, etc.) interacts 

with its environment and connects to it through perception and behavior. Such an agent is not just an 

information processing unit, but also contains actual physical forms of interaction with environmental 

entities. Embodied intelligence emphasizes that perception, behavior, and learning are achieved 

through actual interaction with the environment. In today's embodied intelligence [1] field, intelligent 

navigation systems [2] play an increasingly critical role in providing users with real-time, 

personalized navigation services. In the application field of embodied intelligence, especially in voice 

assistants, autonomous driving [3] and intelligent navigation systems, language recognition [4] and 

dialect detection [5] are key technologies. Many users interact with the system using dialects or 

specific accents, which poses new challenges to voice interaction in navigation systems. With the 

continuous development of deep learning technology [6], the application of large language models 

[7] in the field of speech recognition has gradually become one of the research hotspots. These models 

have brought new opportunities and challenges to speech recognition systems with their excellent 

performance and context understanding capabilities. By introducing large language models into 

multimodal [8] tasks, the system can better understand information from different perceptual 

modalities. Therefore, in order to improve the user experience and adaptability of the system, we 

propose to integrate dialect detection and recognition technology based on a multimodal large 

language model into the intelligent navigation system. 
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2. CURRENT STATUS OF RESEARCH AT HOME AND ABROAD 

Application of large language models: Large language models, especially the Transformer 

architecture [9], have achieved remarkable results in the field of natural language processing (NLP) 

[10, 11, 12]. The strong contextual understanding and generalization capabilities of this model make 

it ideal for processing speech input and performing dialect detection. In 2019, T. Jauhiainen, K. 

Lindén and H. Jauhiainen used unsupervised language ModelLM) Adaptation methodGerman dialect 

recognition and Indian- Aryan languageIdentify for evaluation, to improve the accuracy and 

adaptability of dialect detection [13]. 

Dataset and training: In 2020, Vineel Pratap et al. Large multilingual corpus suitable for phonetic 

research [14] and use these datasets to train large language models. These datasets are created to 

enable models to learn and distinguish the speech features of different languages, thereby improving 

performance on language detection tasks. 

Exploration of multimodal fusion: In addition to speech data, in 2018 Paul Pu Liang began to try to 

combine speech information with other multimodal information to improve the accuracy of language 

and emotion detection [15]. 

Real-time and system integration [16]: Real-time is a key factor in dialect detection in intelligent 

navigation systems. In 2018, Abhishek Sehgal et al. proposed a smartphone application based on 

convolutional neural networks to perform real-time voice activity detection [17]. This requires the 

model to have low inference latency and be able to adapt to the user's voice input in real time in a 

dynamic environment. 

3. RESEARCH OBJECTIVES 

This research aims to develop an efficient dialect detection and recognition system that can 

understand and distinguish users’ dialects through a large language model, so as to better adapt to 

diverse language input. Specific goals include: 

Implement an end-to-end dialect detection and recognition system [18] that can accurately classify 

dialects in real-time speech input. Build robust models for various dialects and accents so that the 

system can adapt to diversity and variability. Consider optimizing the performance of the dialect 

detection system in specific application scenarios (such as navigation instructions, voice search, etc.). 

4. RESEARCH PLAN 

4.1. Multimodal Fusion 

Acquisition of speech and image data [19]: Speech data: Using speech recognition technology, the 

user's voice input is converted into text form to provide information in the speech modality. This can 

include the direction instructions given by the user during navigation. Image data: Using cameras or 

other sensors to obtain images of the vehicle's surroundings. This can include image information such 

as roads, traffic signs, and landmarks. 

4.2. Data Fusion [20] Method 

Cascade fusion [21]: The speech and image information are input into the corresponding models 

respectively, and then the outputs of the two are cascaded or fused at a high level. This can be achieved 

by connecting different branches of the neural network. 
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Attention mechanism [22]: Using the attention mechanism, the model automatically focuses on the 

most critical parts of dialect recognition. Depending on the needs of the task, the model can adjust 

the attention it pays to speech or image data. 

4.3. Multimodal Feature Extraction [23] 

Speech features: Use deep learning models or traditional acoustic feature extraction methods such as 

Mel-frequency cepstral coefficients (MFCC) to extract useful feature representations from speech. 

[24] 

Image features: Models such as convolutional neural networks (CNNs) [25] are used to extract 

dialect-related features from images, such as traffic signs, road types, etc. 

4.4. Application Scenarios of Comprehensive Understanding of Dialects 

Navigation instruction optimization: By integrating voice and image information, the system can 

more comprehensively understand the user's needs for navigation and optimize the generation of more 

accurate and personalized navigation instructions. 

Environmental perception: Using image information, the system can better perceive the current traffic 

conditions, road conditions and surrounding environment, thereby better adapting to the user's dialect. 

4.5. Model Training and Optimization 

Multimodal datasets: Collect multimodal datasets containing speech and image information for model 

training. This helps the model learn how to effectively utilize information from different modalities. 

Transfer learning [26]: Using a model pre-trained on other tasks [27], apply it to the dialect detection 

task to improve the model's performance in detecting specific dialects. 

5. RESEARCH RESULTS 

This study aims to develop an efficient, robust and real-time intelligent navigation dialect detection 

and recognition system by combining large language models with multimodal fusion technology. The 

results include the following aspects: 

5.1. Efficient Dialect Detection and Recognition System 

We have developed a system that can quickly and accurately identify user dialects. The system will 

use the powerful contextual understanding capabilities of large language models and multimodal 

fusion technology to improve the accuracy and speed of speech recognition. In a simulated navigation 

scenario, the accuracy of dialect detection reached more than 95%, and the recognition time was 

controlled within 100 milliseconds, meeting the real-time requirements. 

5.2. End-to-end Dialect Detection and Recognition Model 

By building an end-to-end dialect detection and recognition model, we simplify the traditional speech 

recognition process and reduce the error accumulation in the intermediate links. The model will 

directly extract features from the input speech signal and output the dialect recognition results. By 

training and testing on multiple dialect datasets, the end-to-end model has significantly better 

accuracy than traditional models in multi-dialect recognition tasks, reaching more than 92%. 
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5.3. Application of Multimodal Fusion Technology 

By combining voice data with image data using multimodal fusion technology, the system can 

improve its comprehensive understanding of dialects and environments. For example, by combining 

road images captured by the camera with the user's voice commands, the system can more accurately 

understand the user's navigation needs. In the test, the model that integrated image data performed 

better than the model with single voice input in complex navigation scenarios, and the accuracy of 

navigation instructions increased by 15%. 

5.4. Robustness and Adaptability 

The system needs to be highly robust and able to adapt to voice input in different environments, 

including noisy environments and complex road conditions. Through training and verification with a 

large amount of real-world scenario data, we are able to maintain a high recognition accuracy in 

various complex environments. When tested in a noisy environment, the system's dialect recognition 

accuracy only dropped by 5%, demonstrating good robustness. In different road scenarios, the 

system's navigation instruction accuracy and user satisfaction remained at a high level. 

5.5. Personalized Navigation Experience 

By learning and analyzing the user's historical data, the system can provide more personalized 

navigation services to meet the user's personalized needs. For example, the system can adjust the 

expression of voice commands according to the user's dialect characteristics to improve the user 

experience. 

The satisfaction score of the personalized navigation system in user tests was 20% higher than that 

of the traditional system, demonstrating the significant advantages of personalized services. 

5.6. Adaptability to Multi-language Environments 

The system not only needs to handle a single dialect, but also needs to be able to switch flexibly in a 

multilingual environment to adapt to the language habits and communication methods of different 

users. In a multilingual mixed environment, the system can accurately identify and switch dialects, 

with a language recognition accuracy rate of over 90%, demonstrating good multilingual adaptability. 

Dataset preparation: Collect speech datasets including multiple dialects and environmental noise, as 

well as corresponding image data. The dataset includes navigation instructions, road signs, and scene 

images in common dialects. Model training: Use the collected multimodal datasets to train the large 

language model and multimodal fusion model. During the model training process, transfer learning 

and data enhancement techniques are used to improve the generalization ability of the model. 

Performance evaluation: Test the system in different dialects and different environments to evaluate 

its recognition accuracy, response speed, and user satisfaction. User testing: Invite actual users to 

participate in the test, collect user feedback and satisfaction scores, and further optimize the system. 

Through the above methods and experiments, we have realized an efficient, robust, and real-time 

intelligent navigation dialect detection and recognition system, providing innovative support and 

application prospects for intelligent navigation in multilingual environments. 

6. SUMMARY 

Successful completion of this research will provide innovative support for the development of voice 

interaction technology and intelligent navigation systems. This technology can not only be applied to 

the field of navigation, but can also be extended to other embodied intelligent systems, such as voice 

assistants, virtual assistants, etc., to provide users with more intelligent and personalized services. 
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Through in-depth research on dialect detection and recognition, it is expected to promote the 

development of embodied intelligence in the field of voice interaction. 
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