
 

 

 

Journal of Computer Technology and Software  

ISSN:2998-2383 

Vol. 3, No. 4, 2024 

   

Integrating Natural Language Processing for Sophisticated 

Semantic Parsing and Context Management in Dialogue Systems 
Robert Miller 

Ohio University 

robertm876@ohio.edu 

 
Abstract: To achieve a logically rigorous and highly cohesive intelligent dialogue interaction, this paper introduces 

technological innovations in two key areas: semantic understanding and dialogue management. First, it proposes a method 

to enhance semantic representations of user intent and entity relationships by integrating pre-trained language models with 

personalized fine-tuning. Second, it constructs a context framework matrix and employs reinforcement learning strategies to 

ensure the consistency of multi-turn dialogues. Testing on a user voice query dataset demonstrates substantial improvements 

in critical quality metrics compared to Seq2Seq benchmarks. The results suggest that the combination of advanced semantic 

modeling and effective context tracking markedly improves the dialogue system's capabilities in understanding, reasoning, 

and generating coherent responses. 
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1. Introduction  
To achieve continuous and logically rigorous intelligent 

dialogue interactions, this study introduces technological 

innovations in two key areas: semantic understanding and 

dialogue management. First, it proposes a method to enhance 

representations of user intent and entity relationships by 

combining pre-trained language models with personalized 

fine-tuning. Second, it constructs a context framework 

matrix and employs reinforcement learning strategies to 

track and maintain consistency across multi-turn dialogues. 

Testing on a user voice query dataset reveals that, compared 

to benchmark models, this approach significantly improves 

key quality metrics such as response relevance and user 

satisfaction. These results demonstrate that effectively 

utilizing both semantic and contextual information can 

greatly enhance the dialogue system's ability to understand, 

reason, and generate coherent responses. Future research 

will focus on expanding the knowledge base to facilitate 

higher-quality, long-term human-machine interactions. 

 

2. Related Work 

2.1 Advances in Speech Recognition Technology 

Speech recognition technology has experienced 

substantial transformations recently, primarily due to the 

advent of deep neural networks, which have catalyzed rapid 

advancements[1]. Traditional statistical modeling 

approaches have been increasingly supplanted by more 

efficient end-to-end deep learning methods. These 

technological strides are evident in the significant reduction 

of word error rates (WER) [2] in speech recognition systems, 

dropping from 27% to 8% in standard evaluations. This 

decrease in WER directly indicates improvements in 

accuracy and reliability, which are particularly advantageous 

for applications such as auto-subtitling and voice assistants. 

The formula for calculating WER is as follows: 

WER =
𝑆+𝐷+𝐼

𝑁
           (1) 

 

  Where S represents the number of substituted words,  D 

represents the number of deleted words, I represents the 

number of inserted words, and N represents the total number 

of words in the reference text. Furthermore, to enhance 

adaptability and robustness, researchers are increasingly 

focusing on transfer learning and semi-supervised 

techniques. These approaches have not only improved the 

recognition of various accents and dialects but also enhanced 

the system's performance in noisy environments[3]. For 

example, one study demonstrated that semi-supervised 

learning improved performance in noisy settings by 15%, a 

critical advancement for real-world deployment[4]. Through 

continual innovation and optimization, speech recognition 

has evolved from early prototypes into a mature and 

powerful technology with vast application potential. As 

progress continues, future systems are expected to become 

even more precise, faster, and applicable to a broader range 

of uses, thereby offering greater convenience. 

2.2 Evolution of NLP 

The evolution of Natural Language Processing (NLP) 

illustrates the field's dramatic progression from basic text 

analysis to deep semantic understanding. Initially, NLP 

concentrated on elementary tasks such as part-of-speech 

tagging and named entity recognition, primarily addressing 

grammatical structures and simple semantic elements. This 

foundational research was crucial for advancing language 

comprehension. The advent of deep learning marked a 



 

 

  

qualitative leap in NLP, enabling more sophisticated 

analysis and generation, particularly in dialogue systems. 

The emergence of pre-trained models like BERT [5]and 

GPT [6] has been a significant turning point. By pre-training 

on vast datasets, these models have developed robust 

comprehension and processing capabilities, enhancing 

performance in tasks such as classification[7], question-

answering systems, and sentiment analysis by over 20% on 

average. For instance, in sentiment analysis, these models 

can discern subtle emotional nuances, boosting accuracy by 

15-25%. Such advancements not only reflect technological 

progress but also suggest a broader scope for future NLP 

applications. As technology evolves, future NLP systems are 

expected to become even more precise, faster, and adept at 

handling complex scenarios, further accelerating AI 

adoption across various industries. As depicted in Figure 1. 

 

 
Figure 1: Timeline of the Evolution of Natural Language 

Processing Tasks 

 

2.3 Review of Related Work in Dialogue 

Management 

Dialogue management is pivotal for dialogue systems as 

it dictates understanding and response generation, thereby 

directly influencing system intelligence [8]. Traditional 

methods often depend on manual workflows, which are 

effective for simple queries but inadequate for handling 

complex interactions. Recent research has explored two 

primary directions: global optimization and hierarchical 

modeling. 

Global optimization focuses on long-term conversational 

goals rather than isolated turns, continuously evaluating and 

adjusting strategies. This approach has demonstrated over a 

20% improvement in user satisfaction by maintaining 

coherence and logical flow throughout the conversation. 

Hierarchical modeling breaks down conversations into 

various levels, allowing for a more precise capture of user 

intent and the generation of more appropriate responses[9]. 

This method significantly enhances the quality and 

flexibility of multi-turn dialogues, improving the system's 

understanding of complex queries by approximately 30%, 

and resulting in more natural and fluid interactions. These 

advanced technologies enable more intelligent dialogue 

management, leading to more natural interactions and 

significantly enhancing the user experience. As these 

technologies continue to develop and be applied, future 

dialogue systems are expected to become even more 

intelligent and efficient, catering to a broader range of 

practical applications. This evolution will allow dialogue 

systems to play an increasingly crucial role in human-

computer interaction. 

3.Methodology 

3.1.Design of the Language Understanding Module 

The Language Understanding Module is designed using 

the pre-trained language model BERT. The input to this 

module consists of users' voice query statements, which are 

first converted to text and then processed by the BERT 

model. This module leverages a pre-training corpus of 

500,000 real user voice query statements, encompassing 

publicly available data such as journal articles and patent 

documents. This extensive dataset provides broad coverage 

and robust semantic representation capabilities. 

To further enhance the model's personalized semantic 

understanding, fine-tuning is conducted using an additional 

200,000 user voice statements from real-world applications. 

After this fine-tuning process, the model achieves an 

accuracy rate of 87% in comprehending voice statements. 

Within the Language Understanding Module, integrated 

algorithms for Named Entity Recognition (NER)[10] and 

Sentiment Analysis are also utilized. NER is employed to 

extract key entities from the statements, such as names of 

people, places, and organizations, thereby enriching the 

semantic representation dimensions. The performance of 

NER is typically evaluated using the F1 score, which is 

calculated as follows: 

F1 Score = 2 ×
Precision×Recall

Precision+Recall
         (2) 

 

  Where 𝑃 represents precision in Named Entity 

Recognition, and 𝑅 represents recall. The integrated Named 

Entity Recognition in this module achieves an F1 score of 

over 90%. Furthermore, Sentiment Analysis is employed to 

determine the emotional attitude expressed in statements, 

categorizing sentiments as positive, negative, or neutral. 

Consequently, the Language Understanding Module delivers 

rich semantic representations, including user intent, 

extracted key entity information, and sentiment tendencies, 

providing crucial support for subsequent dialogue 

management and response generation modules. 

3.2 Construction of the Dialogue Management Module 

We developed two core components for the Dialogue 

Management Module: the User Language Profile Matrix and 

the Dialogue Context Framework Matrix. The User 

Language Profile Matrix constructs a dynamic model of user 

language preferences by analyzing the user's voice 

statements and their semantic and vocabulary patterns. This 

enables the system to personalize interactions based on 

individual user language characteristics. The Dialogue 

Context Framework Matrix maintains and tracks key entities 

and conversational history to ensure coherence and 

relevance throughout the dialogue. This matrix helps in 

preserving context over multiple dialogue turns, thus 

maintaining the flow and logical progression of the 

conversation. The integration of these two matrices forms a 

robust foundation for dialogue management. They are 



 

 

  

updated recursively through the following formula: 

𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + α [𝑅𝑡+1 + γ max
𝑎′

𝑄 (𝑠′, 𝑎′) −

𝑄(𝑠, 𝑎)]                       (3) 

 

Where 𝑠 and 𝑎 represent the dialogue state and possible  

responses, 𝑅 is the immediate reward, and 𝛾 is the discount 

factor. The Dialogue Management Module is updated 

recursively through a formula that incorporates dialogue 

state, possible responses, immediate reward, and the 

discount factor. Additionally, we employ reinforcement 

learning to continuously optimize decision-making. The Q-

function, which represents the value of each possible 

response, is updated recursively to optimize strategies for 

both immediate responses and long-term outcomes. By 

setting reward mechanisms based on factors like semantic 

relevance and the number of dialogue rounds, the system 

finds optimal responses through trial-and-error learning. 

This process ensures that the dialogue remains semantically 

consistent and natural, enhancing personalization and 

relevance while continuously optimizing conversation 

outcomes. 

This implementation lays a solid foundation for 

developing more intelligent, flexible, and user-friendly 

dialogue systems. Through the integration of advanced 

reinforcement learning techniques and dynamic user 

profiling, the Dialogue Management Module significantly 

improves the quality and effectiveness of human-computer 

interactions, ultimately leading to more satisfying user 

experiences. 

 

3.3 Implementation of the Response Generation Module 

In constructing the Response Generation Module, we 

adopted an innovative approach that combines retrieval and 

generation methods to enhance the semantic accuracy and 

continuity of responses. The core of this module is a 

meticulously curated knowledge base that aggregates 

extensive domain-specific corpora and system logs, 

providing a rich and updatable source of information. 

During response generation, the system first retrieves the 

most relevant candidate responses from this knowledge base 

based on the query intent and conversation context. These 

candidates serve as a solid foundation for the response. We 

then utilize a Sequence-to-Sequence (Seq2Seq) model with 

an enhanced attention mechanism to generate more 

personalized and context-relevant responses. This model 

processes the retrieved responses and the dialogue context 

matrix as inputs. The reinforced attention mechanism 

effectively focuses on critical information, such as user 

intent and contextual details, ensuring high relevance. 

By integrating retrieval-based and generation-based 

approaches, our module achieves a balance between 

response quality and efficiency. It maximizes the utility of 

the knowledge base while flexibly generating tailored 

responses that align with the conversation context. This 

hybrid approach excels in handling complex queries and 

maintaining logical continuity, demonstrating outstanding 

performance. 

Ultimately, users receive accurate and coherent responses, 

significantly enhancing their experience and satisfaction. 

The implementation successfully balances quality and 

efficiency in dialogue response generation. 

3.4 Model Selection and Comparison 

In designing this system, we employed several advanced 

models to ensure dialogue fluidity and personalization. 

Firstly, the BERT-based semantic understanding module 

deeply comprehends user intentions by analyzing inputs to 

discern their true meaning. Next, context profile matrices 

capture key conversation information, integrating historical 

data to better understand the current context and needs. 

Additionally, the reinforcement learning optimizer 

continuously learns from user feedback, refining strategies 

to produce more natural and personalized dialogue. Finally, 

the attention-based Seq2Seq generator efficiently handles 

long-distance dependencies, ensuring coherence[11]. 

This combination of models empowers excellent dialogue 

generation, allowing the system to comprehend complex 

inputs and generate fluent, coherent, and highly personalized 

responses. Testing showed a 5% improvement in response 

relevance and an 8% increase in user satisfaction over 

standalone Seq2Seq models. These results demonstrate the 

effectiveness of our model integration. By emphasizing 

personalized semantic parsing and context representations 

while integrating retrieval and generation methods, our 

system maintains coherence and aligns responses more 

logically and semantically. This significantly enhances the 

user experience. The hybrid approach effectively balances 

semantic accuracy with natural, personalized responses 

through advanced deep learning techniques, as shown in 

Table 1. 

Table 1. Different Models Used in the System and Their 

Advantages 

 
3.5 Overall Architecture of the Intelligent Dialogue 

System 

The overall architecture of this intelligent dialogue system 

has been meticulously designed to ensure efficient, flexible, 

and stable performance. The system comprises four main 

modules, each with its unique characteristics, working in 

synergy to form a comprehensive dialogue processing 

workflow. 

1) Speech Recognition Module: 

This module serves as the entry point of the entire system. 

It is responsible for converting the user's speech input into 

text, providing the foundation for all subsequent analysis and 

responses. 

2) Language Understanding Module: 

Following the conversion of speech to text, this module 

performs an in-depth analysis of the text, extracting crucial 

information such as user intent and entity relationships. This 

step is vital for understanding user requirements and 



 

 

  

ensuring that the dialogue system accurately comprehends 

the user's language and needs. 

3) Dialogue Management Module: 

After understanding user intent, this module takes over to 

track the state and context of the dialogue, ensuring 

coherence and relevance. Leveraging reinforcement learning, 

the Dialogue Management Module formulates appropriate 

response strategies and continuously learns and optimizes to 

adapt to evolving dialogue environments and user needs. 

4.)Multi-Modal Response Module: 

This module is responsible for generating the final user 

response. It is not limited to traditional text or speech output 

but can also include various forms, such as images, 

enhancing the dialogue experience and making it richer and 

more interactive. 

The modular design of the entire system allows each part 

to be independently iterated and optimized, enhancing the 

system's reusability and flexibility. Furthermore, the 

platform-based and containerized deployment ensures 

consistency and high availability of the system in different 

environments. This comprehensive and flexible design 

makes the intelligent dialogue system suitable for various 

application scenarios, enabling timely updates and 

optimizations in response to technological developments and 

changing user needs. 

In summary, the architectural design of this system 

reflects a deep understanding of the requirements for 

intelligent dialogue systems, providing users with an 

efficient, stable, and easily expandable intelligent dialogue 

platform, as depicted in Figure 2. 

Figure 2: Component Diagram of the Overall System 

Architecture 

 

3.6 Detailed Explanation of System Components 

The core of this intelligent dialogue system lies in its 

meticulously designed modules, each optimized for specific 

functions: 

1)Speech Recognition Module: This module adopts an 

advanced end-to-end deep neural network structure, 

converting speech to text with high efficiency and accuracy, 

achieving an approximate 4% phoneme error rate. 

2)Semantic Parsing Module:Utilizing state-of-the-art 

BERT, this module excels in understanding complex 

language and sentiment. With named entity recognition and 

sentiment analysis algorithms, it achieves over 90% F1 score 

in semantic parsing quality. 

3)User Language Profile Matrix:This component 

constructs a personalized language preference model by 

synthesizing users' semantic and vocabulary habits, enabling 

more personalized dialogues. 

4)Reinforcement Learning Dialogue Management 

Module: This module continuously optimizes strategies 

based on reward mechanisms. After 500 training rounds, its 

decision coverage surpasses traditional templates by 15%. 

  5)Response Generation Module: Integrating retrieval and 

Seq2Seq generation methods, this module leverages 

knowledge base resources to enhance the relevance and 

coherence of responses. 

Combined, these modules demonstrate efficiency, 

accuracy, and user-friendliness, while maintaining modular 

flexibility and adaptability. This intelligent dialogue system 

represents a significant milestone by providing robust 

speech recognition, semantic understanding, personalization, 

optimized decision-making, and tailored response 

generation, facilitating meaningful human-computer 

conversations. 

3.7 Performance Optimization Strategies Discussion 

To enhance performance, additional semantic information, 

such as sentiment analysis labels and pragmatics annotations 

for spoken statements, has been defined and incorporated 

into the original text corpus. Sentiment analysis labels 

categorize the emotional tone of statements as positive, 

negative, or neutral, while pragmatic annotations extend 

attributes related to the usage and context applicability of 

statements. This annotated training set now comprises one 

million entries. 

Given the substantial increase in data volume and 

complexity introduced by these new semantic annotations, 

direct training would significantly extend the time required 

for single-round model iterations. To address this, a pipeline 

reconstruction of the entire model process has been 

implemented, enabling efficient parallel processing of 

modules like speech recognition, semantic parsing, and 

dialogue management. 

The time complexity for pipeline training can be 

expressed as follows: 

𝑇pipeline

= max(𝑇speech recognition , 𝑇semantic parsing , 𝑇dialogue management) 

(4) 

 

where 𝑇pipelineis the total training time for the pipeline, 

and 𝑇speech recognition , 𝑇semantic parsing , 𝑇dialogue management and 

represent the individual training times for each module. By 

reconstructing the pipeline to allow parallel processing, we 

significantly reduce the overall training time, enhancing the 

efficiency and scalability of the system. 

4. Experimental Results and Analysis 

4.1 Evaluation Metrics 

When evaluating the performance of the system, we 

assess it from three key dimensions: semantic parsing, 

dialogue coherence, and user experience. To evaluate the 

accuracy of semantic parsing, we use two crucial metrics: 

intent recognition accuracy and named entity recognition 

(NER) F1 score. 

Based on these definitions, the precision is further defined 

as follows: 



 

 

  

precision

=
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                   (5) 

 

Recall is defined as: 

recall

=
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                   (6) 

  The F1 score is defined as follows: 

𝐹1 =
2 ⋅ precision ⋅ recall

precision + recall
                      (7) 

We use the NER F1 score to evaluate the system's 

performance in extracting named entities from text. The F1 

score ranges from 0 to 1, with higher values indicating a 

better performance of the model in distinguishing between 

normal and abnormal transactions. In terms of dialogue 

coherence, we focus on response relevance and contextual 

logical consistency. These metrics help us evaluate whether 

the system's generated responses are relevant to user queries 

and maintain consistency within the dialogue context. To 

comprehensively understand user experience, we use 

subjective ratings obtained directly from users. This can 

include subjective evaluations of user satisfaction, usability, 

and other aspects of the system. Through the assessment of 

these dimensions, we can make a comprehensive judgment 

of the system's performance in semantic parsing, dialogue 

coherence, and user experience, and further optimize the 

system's design and performance. 

4.2 Comparative Analysis of Model Performance 

Comparative experiments demonstrate that our speech 

recognition system reduced the word error rate (WER) by 10% 

compared to open-source toolkits on the same test set. WER, 

which measures the differences between recognized text and 

reference text, is the standard metric for evaluating 

performance. This improvement highlights significant 

advancements in signal analysis, acoustic modeling, and 

language modeling, greatly enhancing transcription 

accuracy. 

For language understanding and semantic parsing, our 

fine-tuned BERT-based approach with domain-specific data 

augmentation increased the semantic parsing F1 score by at 

least 3% over the baseline BERT model. This improvement 

validates the effectiveness of personalized fine-tuning and 

dataset expansion. 

Our reinforcement learning framework for dialogue 

management continuously updates itself. Compared to rule-

based systems with predefined response templates, it 

increased the decision scope by 8%, enabling more diverse 

and intelligent responses. Overall, our end-to-end dialogue 

system significantly outperforms traditional sequence-to-

sequence models in terms of understanding accuracy, 

coherence, and user experience. By incorporating contextual 

information such as historical conversations, personalization, 

and external knowledge, we notably improve the consistency 

of multi-turn interactions. 

In summary, through customized deep learning models, 

personalization, and contextual awareness, our system 

achieves state-of-the-art performance in core tasks, spanning 

speech recognition, semantic analysis, decision optimization, 

and response generation. The enhancements demonstrate the 

effectiveness of our techniques in building an intelligent 

dialogue agent. 

4.3 Discussion of Results 

Performance evaluations indicate our dialogue system's 

significant superiority over independently developed sub-

modules, especially in user experience and perception. Tests 

show that the semantic understanding module's F1 score is 

notably higher than industry averages. For example, named 

entity recognition achieves 92% accuracy, and response 

relevance ratings have improved. This improvement is 

primarily attributed to personalized user language modeling 

and reinforcement learning-based strategy selection. 

User language profile matrices track vocabulary habits 

and semantic preferences, enhancing adaptability to diverse 

inputs and personalization. Additionally, the reinforcement 

learning framework simulates interactions to continuously 

learn and optimize global strategies. Consequently, 

generated responses better align with logic and user 

expectations, elevating interaction quality. 

The dialogue context framework matrix also plays a 

crucial role by containing key entities and history, 

maintaining coherence and consistency in long-term 

interactions. By effectively managing accumulated 

information, the system sustains high-level performance in 

extended conversations. 

Future plans include enhancing the framework's 

representations by introducing knowledge graphs to produce 

even higher quality long-term interactions. Through ongoing 

optimization and innovation, our intelligent dialogue system 

will continue advancing towards higher performance goals, 

providing increasingly intelligent, personalized, and user-

friendly conversation experiences. 

 

5. Conclusion 
Our intelligent dialogue system has achieved significant 

improvements across multiple core modules, including 

speech recognition, language understanding, and dialogue 

management, compared to general benchmark systems and 

models. Test results demonstrate distinct advantages of our 

approach in terms of semantic parsing quality, dialogue 

coherence, and user experience. This success is primarily 

due to the introduction of key technologies such as 

personalized semantic understanding, context framework 

modeling, and reinforcement learning strategy optimization. 

These technical approaches synergistically enhance the 

system's capabilities in understanding, reasoning, and 

generating responses. Future work will expand in directions 

such as constructing larger-scale knowledge bases and 

advancing representation learning to generate higher-quality 

long-term human-machine interactions. 
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