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Abstract—This research aims to explore the integration 

method of deep learning and large language models in speech 

recognition to improve the system’s recognition accuracy and 

ability to handle complex contexts. Deep neural network (DNN), 

convolutional neural network (CNN), long short-term memory 

network (LSTM) and Transformer-based large language model 

are used to build an integrated acoustic and language model 

framework. Experiments on TIMIT, LibriSpeech and Common 

Voice datasets show that the ensemble model shows significant 

improvements in both word error rate (WER) and real-time 

factor (RTF) compared to traditional models. Especially in 

terms of adaptability to multiple languages and accent changes, 

the model shows superior performance. The conclusion shows 

that through technology integration, the performance of the 

speech recognition system in complex environments can be 

effectively improved, providing a new direction for the future 

development of speech recognition technology. 

Keywords— deep learning, large language model, speech 

recognition, ensemble method 

I. INTRODUCTION 

In today's digital era, speech recognition technology has 
become one of the key technologies to improve the efficiency 
of human-computer interaction and is widely used in fields 
such as intelligent assistants, autonomous vehicle 
communication systems, and multilingual translation. With 
the rapid development of deep learning technology and large 
language models, their application potential in improving 
speech recognition accuracy and processing complex contexts 
has been gradually explored [1]. Deep learning technology, 
through its powerful feature extraction capabilities, has 
significantly improved the performance of acoustic models, 
while large language models optimize the speech-to-text 
conversion process by understanding context and semantics. 
However, how to effectively integrate these two technologies 
to fully utilize their respective advantages and improve the 
overall performance of the system is still an urgent challenge 
to be solved [2].  

This article aims to explore the integration method of deep 
learning and large language models in speech recognition. 
Through in-depth analysis of existing technologies and 
experimental verification of integration strategies, a new 
solution is proposed in order to achieve higher recognition 
accuracy and real-time performance, providing theoretical 

basis and practical guidance for technological progress and 
application promotion in related fields. 

II. THEORETICAL OVERVIEW 

A. Basic Speech Recognition Technology  

As shown in Figure 1, basic speech recognition technology 
involves the process of converting speech signals into text and 
is a core component of human-computer interaction systems. 
This technology mainly consists of two major components: 
acoustic model and language model. The acoustic model is 
responsible for parsing and identifying the acoustic features in 
the speech signal and converting it into a sequence of 
phonemes or phonetic symbols, while the language model 
applies grammatical and semantic rules on this basis to infer 
the most likely word sequence [3] . Traditionally, this process 
relies on hidden Markov models (HMM) to handle acoustic 
modeling and time series prediction, while language models 
often use n-gram statistical models to predict the probability 
of word sequences.  

With the development of technology, basic speech 
recognition technology has been able to support multiple 
languages and dialects, cope with various noise interferences, 
show high flexibility and accuracy, and provide users with a 
smoother and more natural interactive experience [4]. 

 

Fig. 1. Principle of Speech Recognition Technology 
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B. Deep Learning Tehnologies and Large Language 

Models in Applications 

In recent years, deep learning technologies have made 

significant strides across various fields, expanding beyond 

traditional applications to revolutionize industries and 

fundamentally alter their nature. Large language models 

(LLMs), for example, are now being utilized in real estate 

transactions and contract law to extract information and 

perform analyses, effectively serving as chatbots and 

assistants [29, 30]. The software development process has 

also benefited from deep learning, enabling automatic code 

review and error detection, thereby enhancing efficiency 

[31]. Furthermore, the defense industry has begun exploring 

machine learning for tasks such as intelligence gathering 

and strategic decision-making [32-33]. These advancements 

underscore the transformative impact of deep learning and 

neural networks across industries, setting the stage for 

further innovations and advancements in the field. 

C. Application of Deep Learning Technology in Speech 

Recognition 

Deep learning techniques have revolutionized the field of 
speech recognition, providing a powerful method to capture 
complex patterns and features in speech data. By using multi-
layer neural networks, deep learning models such as deep 
neural networks (DNN), convolutional neural networks 
(CNN), and recurrent neural networks (RNN) can effectively 
learn the temporal and spatial dependencies of speech signals 
[5].  

In particular, recurrent neural networks are widely used in 
acoustic models due to their advantages in processing time 
series data, allowing the system to better understand and 
predict the dynamic characteristics of speech streams. In 
addition, deep learning models can automatically extract 
meaningful features from large amounts of data without the 
need for complex manual feature design, which greatly 
improves the efficiency and accuracy of speech recognition 
systems. For example, in the CNN-LSTM-DNN (CLDNN) 
framework, the CNN layer first processes the input features to 
extract local dependencies, then processes the time series 
information through the long short-term memory network 
(LSTM) layer, and finally performs feature classification 
through the DNN layer. 

D. The Role of Large Language Models in Speech 

Recognition 

The role of large language models in speech recognition is 
mainly reflected in their ability to process and understand 
complex language structures, thereby improving the accuracy 
and naturalness of speech-to-text conversion. These models, 
including Transformer, BERT, and GPT, use deep network 
architectures to capture long-distance dependencies, allowing 
the models to not only understand individual words, but also 
grasp the context of entire sentences and even paragraphs [10-
12].  

By pre-training and fine-tuning these models, they can 
effectively adapt to specific speech recognition tasks and 
handle the diversity and complexity of various linguistic 
expressions [9]. In addition, the use of large language models 
significantly improves the ability to recognize nuances in 
language. For example, the processing of homonyms and 
grammatical diversity greatly enhances the depth of 

understanding of natural language by speech recognition 
systems. 

III. INTEGRATION METHOD OF DEEP LEARNING AND LARGE 

LANGUAGE MODEL 

A. Design Principles and Architecture of Integrated Model 

When designing the ensemble model for speech 
recognition, the principles of hybrid architecture were 
adopted, combining large language model (LLM) and hidden 
Markov models (HMM) to optimize the acoustic modeling 
process [8]. As shown in Figure 2, this integrated model, 
called a LLM-HMM hybrid system, effectively improves the 
accuracy and efficiency of speech recognition by leveraging 
the powerful feature extraction capabilities of LLM and the 
advantages of HMM in processing time series data.  

In this framework, instead of directly outputting phoneme 
labels, LLM is used to calculate the posterior probability 
distribution of the observed features, that is, the probability of 
each HMM state. Specifically, given an acoustic feature 
vector xi, LLM is used to estimate the conditional probability  

of each HMM state under this feature vector P(s|xi). Further, 
in order to deal with the dynamic characteristics of the speech 
signal, HMM is used to describe the transition probability 
between states and the time dependence of the observation 
sequence.  

This design not only enables the model to process input 
sequences of variable length, but also enhances the capture of 
the intrinsic characteristics of acoustic signals through LLM, 
thereby achieving more accurate state prediction. In addition, 
the ensemble model also considers the addition of 
convolutional neural networks (CNN) to enhance the ability 
to capture local features in acoustic signals.  

 

Fig. 2. Architecture of the Integrated Model 

B. Process of Integration Implementation 

In the implementation process of the integrated model, 
especially in the application combining deep neural network 
(DNN) and hidden Markov model (HMM), DNN is used to 
estimate the posterior probability of the HMM state, and its 
formula is expressed as follows: 

Let 𝑥𝑡 denote the observed feature vector at time t, and let 
denote the corresponding HMM state 𝑆𝑡. The goal of DNN is 
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to estimate the posterior probability of the state given the 
observation, that is: 

𝑃(𝑠𝑡 |𝑥𝑡) =
𝑃(𝑥𝑡|𝑠𝑡)𝑃(𝑠𝑡)

𝑃(𝑥𝑡)
 

Among them, 𝑃(𝑥𝑡|𝑠𝑡) is the probability of St observation 
in the state 𝑥𝑡, calculated by DNN 𝑃(𝑠𝑡), 𝑃(𝑠𝑡) is 𝑆𝑡 the prior 
probability of the state, but is 𝑃(𝑥𝑡) 𝑥𝑡 the marginal 
probability of observation. The training of DNN involves 
minimizing the prediction error, usually using the cross -
entropy loss function, the specific formula is: 

𝐿 = − ∑ ∑ 𝑦𝑡,𝑠𝑡

𝑠𝑖∈𝑆

log 𝑃 (𝑠𝑡|𝑥𝑡)

𝑇

𝑡=1

 

 

where 𝑇 is the total number of time steps, 𝑆 is the set of all 
possible states, 𝑦𝑡,𝑠𝑡

 and is the actual label of the state at time 

t 𝑠𝑡 (𝑠𝑡 1 if the state is , 0 otherwise). In addition, in order to 
further optimize the model performance, the expectation 
maximization (EM) algorithm is used to adjust the parameters 
of the HMM, including state transition probability and 
emission probability. In step E, calculate the expected 
frequency of each state transition and observation: 

( )1:( )t t Ts P s s x = =∣
 

( ) ( )1 1:, ,t t t Ts s P s s s s x  

+= = = ∣
 

In the M step, the model parameters are updated based on 
these expected values: 
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where is ,s s
a 

the transition probability 
( )sb o

from state s 

to state , s and is the probability of observing o in state s. 

IV. RESULT ANALYSIS 

A. Experimental Setup 

In conducting the result analysis of the speech recognition 

system, the experimental setup adopted standard evaluation 

methods to ensure the accuracy and reliability of the results. 

The experiments used three widely recognized speech data 

sets: TIMIT, LibriSpeech and Common Voice. These datasets 

contain speech samples in a variety of language environments, 

accents, and noise conditions, providing a comprehensive test 

of the model's ability to generalize. The specific parameter 

settings are as follows: 

• TIMIT dataset: Contains 6300 sentences from 
different dialects of American English, recorded by 
438 speakers. Each sample is provided with detailed 
phoneme-level annotation for training and testing the 
accuracy of acoustic models. 

• LibriSpeech data set: It is a larger data set, containing 
1,000 hours of English speech, recorded by 2,428 
speakers from different backgrounds, divided into two 
recording environments: clear and noisy, used to 
evaluate the model in different listening environments 
performance under conditions. 

• Common Voice data set: A multilingual data set 
provided by Mozilla, containing more than 2,000 hours 
of recordings covering multiple languages and accents, 
used to test the multilingual adaptability of the model. 

In the experiment, model training was divided into two 
stages: pre-training and fine-tuning. In the pre-training stage, 
the model is trained on the LibriSpeech dataset to obtain a 
broad representation of acoustic features. In the fine-tuning 
phase, the model is optimized for the specific language and 
accent conditions of TIMIT and Common Voice. Evaluation 
indicators mainly include word error rate (WER) and real-time 
factor (RTF), where WER reflects the proportion of 
recognition errors and RTF measures the time required to 
process one second of speech [6]. 

All experiments are conducted in a high-performance 
computing environment with NVIDIA Tesla V100 GPU to 
ensure processing speed and efficiency. In addition, in order 
to verify the robustness of the model, various noise conditions 
(such as street noise, conference room background sound , 
etc.) were also introduced to simulate real-world application 
scenarios. 

B. Performance Evaluation and Analysis 

When evaluating the performance of deep learning and 
large language model integration methods, word error rate 
(WER) and real-time factor (RTF) are used as the main 
evaluation indicators [7]. Performance testing covers different 
data sets to ensure broad applicability of results and in-depth 
comparative analysis. Data Table 2 shows the performance 
comparison of the integrated model and the baseline model 
(separate DNN and HMM models) on the TIMIT, LibriSpeech 
and Common Voice datasets. 

TABLE I.  PERFORMANCE EVALUATION AND ANALYSIS 

data set Model type WER (%) RTF 

TIMIT baseline model 18.5 0.09 

TIMIT integrated model 15.2 0.07 

LibriSpeech baseline model 10.3 0.12 

LibriSpeech integrated model 8.4 0.10 

Common Voice baseline model 22.0 0.15 

Common Voice integrated model 17.8 0.11 

As can be seen from Table 1, the ensemble model significantly 

outperforms the baseline model on all three datasets. 

Specifically, on the TIMIT data set, the WER of the integrated 

model was reduced from 18.5% to 15.2%, showing the 

effectiveness of integrating deep neural networks and large 

language models in processing complex contexts. On the 

LibriSpeech data set, the integrated model also showed lower 

WER and better processing speed, with WER reduced from 

10.3% to 8.4% and RTF also reduced. The improvement on 

the Common Voice data set is also significant, with WER 
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reduced from 22.0% to 17.8%, indicating that the integrated 

model has strong adaptability to multiple languages and 

different accents. These results demonstrate that by 

integrating deep learning with large language models, not only 

can speech recognition accuracy be improved, but significant 

improvements in real-time processing performance can also 

be achieved [20-22,27]. The effectiveness of ensemble 

methods mainly stems from their ability to more 

comprehensively capture and utilize acoustic and linguistic 

features, especially when processing speech data with 

complex background noise and diverse linguistic 

environments. 

C. Discussion 

In the performance evaluation of the deep learning and 
large language model integration method, through 
comparative analysis, it was clearly observed that the 
integrated model showed significant advantages over the 
baseline model in terms of word error rate (WER) and real-
time factor (RTF). Especially when processing the Common 
Voice dataset with diverse contexts, the WER of the ensemble 
model improved from 22.0% in the baseline to 17.8%. This 
significant improvement proves the powerful adaptability of 
the ensemble model in processing multiple languages and 
various accents. sex. In addition, on the LibriSpeech data set, 
the integrated model reduced WER from 10.3% to 8.4%, and 
RTF also dropped from 0.12 to 0.10, further verifying its 
performance improvement in clear and noisy environments.  

These data show that the integrated model not only 
optimizes the processing of speech signals, but also enhances 
the model's ability to capture subtle differences in speech, 
especially in complex contexts and noise backgrounds [23-
26]. Therefore, with the support of actual data, it can be 
concluded that this integrated method effectively combines 
the powerful feature extraction function of deep learning with 
the advanced context analysis capability of large language 
models, providing a way to improve the overall performance 
of speech recognition technology. Effective Ways. 

V. CONCLUSION 
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