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Abstract. Open Language Models (OLMs) and edge intelligence have become piv-
otal in Natural Language Processing (NLP), showcasing significant potential in
language generation, text classification, machine translation, and human–computer
interaction. This paper focuses on ChatGPT, an open-source large dialogue model
based on OpenAI’s GPT architecture. It is an emerging trend in the field of artifi-
cial intelligence, which aims to expand the language model capabilities on powerful
central servers to edge devices, thereby achieving more efficient and flexible applica-
tions. Utilizing a Transformer-based encoder–decoder framework with multi-head
self-attention mechanisms, ChatGPT excels in generating natural, contextually-
aware language responses, akin to human conversation. Edge intelligence combined
with ChatGPT can provide more intelligent and personalized services. Despite its
advancements, challenges remain regarding model complexity and data demands.
We propose enhancements in training methodologies, model architecture, and appli-
cation domains to foster more intelligent and fluid dialogue systems. Our research
highlights ChatGPT and edge intelligence’s contributions to both academic inquiry
and practical innovation, positioning it to deliver high-quality AI services across
various fields.
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1 INTRODUCTION

In recent years, the rapid advancement of artificial intelligence (AI) has revolu-
tionized the field of natural language processing (NLP), with large language mod-
els (LLMs) such as ChatGPT emerging as a pivotal force in this transformation.
Developed by OpenAI, ChatGPT builds upon the GPT architecture, leveraging
deep learning and transformer-based models to generate human-like text, making
it a powerful tool for dialogue generation, text classification, and machine trans-
lation. The model’s capabilities have been further enhanced through techniques
like reinforcement learning with human feedback (RLHF), which improves its per-
formance in generating contextually relevant responses. However, deploying such
models in real-world scenarios presents unique challenges, including computational
efficiency, data requirements, and ethical considerations. This study aims to explore
the integration of ChatGPT with edge intelligence, focusing on how this combina-
tion can enhance the efficiency and flexibility of language models while addressing
the limitations associated with central server-based deployments. By providing an
in-depth analysis of ChatGPT’s capabilities and challenges, this research seeks to
contribute to the ongoing development of AI technologies and their practical appli-
cations.

In this study, we delve into the development and application of Open Language
Models (OLMs), which represent a significant advancement in the field of artificial
intelligence (AI). These models are sophisticated systems designed to understand
and generate human-like text, thereby revolutionizing the way we interact with
technology. A prime example of this innovation is ChatGPT, a state-of-the-art
model that has garnered considerable attention for its ability to engage in natural
and contextually relevant conversations.

OLMs, including ChatGPT, rely on advanced deep learning techniques to pro-
cess and generate natural language. Central to their functionality is the transformer
architecture, a powerful framework that has transformed the landscape of NLP.
This architecture is distinguished by its ability to handle variable-length sequences
and capture long-range dependencies, making it highly effective for tasks such as
machine translation, text summarization, and dialogue generation.

The model structure of OLMs is meticulously designed to maximize efficiency
and performance. It typically involves a combination of encoder–decoder frame-
works and multi-head self-attention mechanisms. The encoder processes the input
text, converting it into a rich, contextualized representation, while the decoder gen-
erates the output text based on this representation. The multi-head self-attention
mechanism allows the model to focus on different parts of the input sequence simul-
taneously, capturing intricate relationships and dependencies within the text. This
dual approach not only enhances the model’s ability to understand and generate
complex linguistic structures but also ensures that it can do so with remarkable
speed and efficiency.
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2 LITERATURE REVIEW

The field of Natural Language Processing (NLP) has witnessed a paradigm shift
with the advent of Large Language Models (LLMs). A cornerstone in this evolution
was the introduction of the Transformer architecture by Vaswani et al. [1], which
revolutionized LLMs with its self-attention mechanism, enabling the processing of
variable-length sequences and capturing long-range dependencies, thus enhancing
performance in machine translation and text summarization.

Building upon the Transformer’s success, research has focused on enhancing
the efficiency and effectiveness of LLMs. Dai et al. [2] introduced Transformer-XL,
which extends the context length beyond conventional limits, allowing for a more
comprehensive understanding of text.

Devlin et al. [3] presented BERT, a model employing deep bidirectional repre-
sentations for language understanding, leading to substantial improvements across
various NLP tasks.

The versatility of LLMs has been explored in specialized domains. Chalkidis
et al. [4] developed LEGAL-BERT, tailored for legal text analysis, demonstrating
LLMs’ potential in niche areas.

Aleksanyan and Allahverdyan [5] contributed to information retrieval by focusing
on the unsupervised extraction of keywords from single texts, showcasing LLMs’
adaptability in handling diverse data types.

Brown et al. [6] demonstrated the potential of LLMs in creative writing and
understanding complex instructions through their work on GPT-3, highlighting the
models’ ability to generate human-like text.

Radford et al. [7] introduced OpenAI’s GPT, which has been pivotal in advanc-
ing unsupervised language representation learning.

The application of LLMs in cross-lingual transfer learning has been intensively
researched. Artetxe et al. [8] explored the effectiveness of cross-lingual language
models in understanding and translating between multiple languages, emphasizing
the importance of multilinguality in LLMs.

As the field progresses, attention has shifted towards the ethical and societal
impacts of LLMs. Clark et al. [9] analyzed the attention patterns of BERT, providing
insight into how the model attends to syntactic and semantic relationships within
text and advancing the interpretability of Transformer-based language models.

A systematic literature review by Locke et al. [10] analyzed the development
of NLP technology, pointing out limitations, risks, and opportunities, classifying
NLP-based applications into various fields including natural language understand-
ing, generation, voice recognition, and machine translation.

Recent advances in Generative AI and LLMs have been explored by Hagos
et al. [11], who presented an exhaustive survey of various types of GPT models,
detailing their working architecture and evolution of pre-training methods for NLP.

In the realm of few-shot learning, Chen et al. [12] analyzed relevant research
methods and provided a list of possible future research directions, contributing to
the synergistic development of few-shot learning and related fields.
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ChatGPT, developed by OpenAI, has emerged as a groundbreaking advance-
ment in dialogue generation and contextual understanding, particularly through its
use of Reinforcement Learning with Human Feedback (RLHF). However, it faces
limitations in maintaining coherence over extended dialogues and may generate in-
accurate content due to its reliance on open-domain training data. Compared to
BERT, which excels in semantic understanding for tasks like question answering but
lacks generative flexibility, ChatGPT offers more natural and fluent dialogue capabil-
ities. While GPT-3 handles long-text generation effectively, its high computational
cost makes it less suitable for real-time applications. Additionally, Transformer-XL
outperforms ChatGPT in processing very long sequences but is less optimized for
real-time dialogue.

In terms of contextual understanding, ChatGPT leverages self-attention mech-
anisms to capture cross-sentence dependencies, though it may lose early context in
extended interactions. Traditional RNN/LSTM models, while effective for local con-
text, struggle with long sequences due to gradient vanishing, and multimodal models
(e.g., DALL-E) integrate text, image, and audio but face optimization challenges.

3 INTRODUCTION TO THE OPEN LANGUAGE MODEL

An Open Language Model (OLM) is a computer model designed to comprehend
and produce natural language. It leverages statistical learning to process natural
language, enabling it to learn and predict the structure and meaning of language.
OLMs form the backbone of modern NLP tasks, underpinning a wide range of
applications [13].

3.1 Core Components and Methods

The structure of an open language model encompasses two primary methodologies:
statistical-based methods and deep learning-based methods. Statistical methods
rely on the frequency of word occurrences in a corpus to calculate the probability
of each word, subsequently utilizing Bayesian formulas to ascertain the probability
of entire sentences. In contrast, deep learning-based methods hinge on advanced
neural networks, notably the Transformer architecture.

The Transformer structure, characterized by its multi-head self-attention mech-
anism, is particularly adept at handling variable-length sequences. It comprises two
core parts: the encoder and the decoder. The encoder transforms input language
into a vector representation, while the decoder generates the corresponding output
language based on this representation (see Figure 1). Various decoder structures
exist, including those similar to recurrent neural networks (RNNs) or Transform-
ers [14].

Within these frameworks, RNNs, particularly their variants such as Long Short-
Term Memory networks (LSTMs) and Gated Recurrent Units (GRUs), are adept
at capturing long-term dependencies in sequence data. Furthermore, Transformer-
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based models offer significant advantages, including better generalization capabilities
and improved accuracy, due to their multi-head attention mechanisms [15].

Figure 1. Transformer-based encoder–decoder model architecture

3.2 Model Design and Building Process

Model design is central to the research of open language models. Currently, designs
frequently incorporate RNNs, convolutional neural networks (CNNs), and variable
compression models. Each design has its unique characteristics, catering to diverse
NLP tasks.

Building an open language model is a meticulous process that begins with data
collection. High-quality, diverse data sources, such as Wikipedia, the Gutenberg
Project, Common Crawl, news reports, and social media, are pivotal. Web crawler
technology facilitates large-scale data collection, ensuring a rich corpus for model
training.
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Post-collection, data cleansing and preprocessing are essential to remove noise,
perform word segmentation, stemming extraction, stop word filtering, and convert
text into a machine-readable format. The quality of preprocessing directly impacts
the model’s accuracy and generalization ability.

Labeling datasets with semantic tags, such as part-of-speech tagging and named
entity recognition, enhances their utility for specific NLP tasks. Neural network
model training involves using deep learning to construct and optimize neural net-
works, improving prediction accuracy through iterative processes.

3.3 Advanced Techniques and Applications

Language representation learning translates natural language into vector representa-
tions, understandable by computers. Techniques like Word2Vec and neural network-
based methods enable models to learn effective word vectors.

Pre-training techniques further boost model performance. By training on large-
scale corpora and fine-tuning on specific tasks, models can significantly reduce train-
ing time and data requirements. Techniques such as parallelized training, negative
sampling, and reinforcement learning play crucial roles in optimizing model training.

Adaptive learning, using large-scale unlabeled datasets, enables models to dy-
namically adjust parameters, improving performance across various tasks and data-
sets. Dynamic learning rates adjust training parameters based on model perfor-
mance, accelerating convergence and mitigating overfitting.

Finally, real-time inference capabilities enable models to respond to user in-
puts promptly, facilitating applications like machine translation, speech recogni-
tion, and natural language generation. This research highlights the transformative
potential of open language models, paving the way for innovations in intelligent
customer service, language conversation assistants, and personalized education and
training.

4 OPEN LANGUAGE MODEL STRUCTURE

The core of Open Language Models (OLMs) lies in their deep neural network ar-
chitecture, primarily divided into two main components: the encoder and the de-
coder. The encoder transforms input language information into vector representa-
tions, while the decoder generates corresponding output language based on these
vectors. Currently, the most popular encoder structure is based on the Transformer
architecture, which features a multi-head self-attention mechanism capable of han-
dling variable-length sequences. In contrast, traditional recurrent neural networks
(RNNs) and their variants, such as Long Short-Term Memory (LSTM) and Gated
Recurrent Units (GRUs), excel in expression but suffer from gradient vanishing or
explosion during training.
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4.1 Advantages of the Transformer Architecture

The Transformer’s unique self-attention mechanism allows it to capture relationships
between any two elements at different positions within a sequence, thereby avoid-
ing the gradient issues prevalent in RNNs. Additionally, this mechanism enables
the model to focus on various subsequences within the input sentence simultane-
ously, enhancing its ability to capture critical information. Moreover, Transformers
support parallelized training, significantly improving training efficiency.

4.2 Encoding and Decoding Process

In dialogue generation tasks, ChatGPT leverages the Transformer’s encoder–decoder
structure to achieve efficient contextual understanding and semantic information
extraction. Specifically, the encoder processes input text and extracts features,
while the decoder generates dialogue responses based on the encoder’s output and
contextual information. This process is facilitated by the multi-head self-attention
mechanism, ensuring the model can fully comprehend complex language structures
and context.

4.3 Data Requirements for Model Training

To enable ChatGPT to understand the grammar, semantics, and context of conver-
sations, the model requires extensive online dialogue data during the pre-training
phase. During fine-tuning, annotated dialogue data are used to enhance the model’s
domain-specific dialogue generation capabilities. This dual-stage training strategy
not only improves the model’s generalization but also ensures its high performance
across diverse applications.

4.4 Evolution of Multimodal Processing Capabilities

Advances in technology have extended modern OLMs to handle multimodal inputs,
such as combining text with image processing. For instance, models like DALL-E
demonstrate powerful capabilities in transforming textual descriptions into images,
signaling a shift towards broader multimedia interaction beyond mere text process-
ing.

In summary, the structure of open language models integrates multiple ad-
vanced technologies, moving beyond classical statistical methods or single neural
network models. Future research will continue to explore how to further optimize
these architectures to address increasingly complex natural language processing chal-
lenges.
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4.5 Multimodal Processing Design and Application Scenario
Requirements Analysis

Recent advancements in open language models have extended their capabilities to
multimodal processing, integrating text with images and audio to provide richer
context. In image captioning, models like CLIP and DALL-E [16, 17] combine
visual encoders with Transformer-based language models to generate contextually
relevant captions. For Visual Question Answering (VQA) [18], integrating visual
features with language models substantially improves answer accuracy on bench-
marks such as VQA v2. In multimodal translation [19, 20, 21], incorporating visual
context can improve translation quality over text-only models on datasets such as
Multi30K, although the magnitude of the gain depends strongly on the alignment
between image and text and is, in many settings, modest. Speech-to-text translation
systems [22, 23] have advanced toward competitive end-to-end performance using
Transformer-based architectures. Finally, multimodal sentiment analysis [24, 25]
combining text with visual or audio data, generally outperforms text-only models
on standard benchmarks (see Figure 2).

Figure 2. Performance comparison of different model architectures

5 DESIGN OF AN OPEN BIG LANGUAGE MODEL

Model design is the core of open language model research. Currently, commonly used
model designs include recurrent neural networks, convolutional neural networks, and
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variable compression models. The characteristics of these model designs are shown
in Table 1.

Name Features

Recurrent
neural
network

A classic model that can handle variable-length sequence data.
The advantage is that historical information can be saved and
used to predict future output. The disadvantage is that it is
prone to the problem of vanishing or exploding gradients, lead-
ing to the inability of the model to converge.

Convolutional
neural
network

A model that can be used to process both image data and se-
quence data. The advantage is that the data can be parallelized
to improve the training speed of the model. The disadvantage
is that it cannot save historical information and is not as effec-
tive as recurrent neural networks when processing long sequence
data.

Variable
compression
model

Emerging models can compress input sequences into a fixed-
length vector without losing information, and then use this
vector to predict output. The advantage is that it can handle
variable-length sequence data and compress the input sequence
into a fixed-length vector, avoiding the problem of gradient van-
ishing and explosion in recurrent neural networks.

Table 1. Design and characteristics of common open large language models

To enhance the performance and adaptability of large language models, we pro-
pose several targeted enhancements. First, integrating external knowledge bases,
such as domain-specific knowledge graphs, supplements the model’s internal knowl-
edge and improves the accuracy and relevance of responses in specialized fields like
healthcare and finance. Second, we suggest adopting a hybrid encoder–decoder
architecture that combines the strengths of Transformer and LSTM layers. The
Transformer captures global context, while the LSTM maintains coherence in ex-
tended dialogues. Third, hierarchical attention mechanisms allow the model to fo-
cus on different levels of abstraction, from word to sentence level, improving the
capture of complex dependencies and performance in tasks like translation and
summarization. Fourth, adaptive learning through reinforcement learning feed-
back loops enables the model to dynamically adjust its parameters based on task-
specific performance, enhancing adaptability and preventing overfitting. Finally,
incorporating multimodal processing modules (e.g., for visual and audio inputs)
enriches the model’s context understanding and generates more comprehensive re-
sponses [26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36].

6 OPEN LANGUAGE MODEL BUILDING PROCESS

The establishment process of open language model usually includes data collection,
data cleaning and preprocessing, dataset annotation, neural network model train-
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ing, language representation learning, pre-training technology application, adaptive
learning, real-time inference, model testing and application (see Figure 3).

Figure 3. Open language model building process

6.1 Data Collection

Data collection is the collection of large amounts of corpus data, and the selection of
these data sources is the first step in building a dataset. In general, the greater the
size and diversity of the data source, the better the trained model. Therefore, it is
important to choose a high-quality data source. Some common data sources include:
Wikipedia, the Gutenberg Project, Common Crawl, news reports, and social media.
Data collection is essentially achieved using web crawler technology. Web crawlers
can provide large amounts of corpus data for open language models. The web
pages, news, social media and other content crawled by web crawlers are processed,
deduplicated, word segmented and other operations to form a huge corpus, which
provides a data source for the training of open language models.

Web crawlers are mainly divided into three steps: crawling web pages, parsing
web pages, and storing data. When crawling web pages, web crawlers will automat-
ically visit the target website according to the set rules and save the web page con-
tent; when parsing web pages, web crawlers will extract useful information from web
pages, such as titles, bodies, links, etc.; when storing data, web crawlers will store
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the extracted information into databases or files, which can improve the accuracy
and efficiency of search engines and facilitate subsequent analysis and utilization.

6.2 Data Cleansing and Preprocessing

Datasets crawled from the internet often contain a lot of noisy and useless infor-
mation, such as HTML tags, links, and ads. Therefore, data cleansing and prepro-
cessing are required before training with these datasets. The main purpose of data
cleaning and preprocessing is to remove noise and useless information, perform word
segmentation, stemming extraction, stop word filtering and other operations on the
corpus, and convert the text into a machine-readable format. Data preprocessing is
a very important part of open big language models, and its quality directly affects
the accuracy and generalization ability of the model.

6.3 Dataset Labeling

Labeling refers to adding corresponding semantic tags to each word or subword, such
as part-of-speech tagging, named entity recognition, etc. Some natural language
processing tasks require training with datasets that have already been labeled. For
example, a question answering system needs to be trained with a dataset of question
and answer pairs. Commonly used annotation methods include: manual annotation,
semi-automatic annotation, and automatic annotation.

Word segmentation is a critical step in data preprocessing. Commonly used
word segmentation methods include rule-based, statistical-based, and deep-learning-
based. Among them, methods based on deep learning, such as methods based on
BiLSTM-CRF and Transformer, have good results.

In addition to word segmentation, some other data preprocessing techniques are
also very important. For example, the establishment of a vocabulary list, as well
as part-of-speech labeling, named entity recognition, dependency syntactic analysis,
etc., these technologies can provide more accurate input information for the model,
thereby improving the accuracy and generalization ability of the model.

6.4 Neural Network Model Training

Using deep learning technology, a deep neural network is established, the processed
corpus data is used for training, and the parameters of the model are gradually
optimized to improve the prediction accuracy of the model.

Neural network models are an important part of large language models. The
traditional large language model mainly adopts statistical language model based on
n-gram model, which has the disadvantage of needing to determine the size of n in
advance and cannot capture long-distance dependencies. Models based on neural
networks can be trained end-to-end through deep learning technology. Common
neural network model training methods are shown in Table 2.
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Name Features

Recurrent
neural
networks
(RNN)

Common neural network models; the input and output are se-
quence data, so it is suitable for sequence modeling tasks in
natural language processing, such as language modeling, ma-
chine translation, text classification, etc. The advantage is the
ability to capture long-term dependencies in sequence data.

Long
short-term
memory
network
(LSTM)

The RNN variant, by adding some special gates to control the
flow of information, solves the problem of gradient vanishing
and gradient explosion existing in RNNs. It is widely used
in natural language processing in language modeling, machine
translation, sentiment analysis and other tasks.

Gated
recurrent
unit (GRU)

Another RNN variant; the GRU has only two gate parame-
ters compared to LSTM. It is widely used in natural language
processing, language modeling, machine translation and other
tasks.

Table 2. Common neural network model training methods

6.5 Language Representation Learning

Language representation learning refers to the conversion of natural language into
vector representations that computers can understand and process. Commonly
used language representation learning methods include statistical-based and neu-
ral network-based methods, as detailed in Table 3.

Name Features

Statistical
methods

Word vectors are learned by predicting words in context. The
commonly used word vector learning algorithm is Word2Vec,
which has two models, namely the skip-gram model and the
CBOW model.

Neural
network
methods

Neural network models are often used to learn word vectors.
Among them, the most common method is to train word vectors
using fully connected layers and Softmax layers.

Table 3. Commonly used language representation learning methods

6.6 Pre-Training Techniques

Pre-training techniques refer to model training on a large-scale corpus and then
fine-tuning on specific tasks. Pre-training technology is the key to the research of
open large language models, which is widely used in the field of natural language
processing. Common training techniques are shown in Table 4.
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Name Features

Parallelized
training

Since neural networks are very computationally intensive, mul-
tiple CPUs or GPUs are required to speed up the training pro-
cess. The main advantage is that it can speed up the training
process and improve the training efficiency of the model.

Negative
sampling

The main idea of negative sampling is that for an input se-
quence, only a small number of negative samples need to be
randomly selected to train together with positive samples. The
advantage is that it can reduce the amount of training data and
improve the model training speed.

Reinforcement
learning

Learn optimal behavioral strategies by interacting with the en-
vironment. The advantage is that it can improve the generation
capacity and quality of the model.

Table 4. Common pre-training techniques

6.7 Adaptive Learning

Adaptive learning refers to the use of large-scale unlabeled datasets to pre-train the
model without labeled data during the training process of the model, and dynami-
cally adjust the parameters of the model according to the training data. Adaptive
learning can make the model better adapt to different datasets and tasks, especially
on large-scale unlabeled data to improve the performance of the model.

The basic idea of adaptive learning is to continuously adjust the parameters of
the model to better adapt it to the current environment based on the model’s per-
formance on the current task and data. This learning method can use historical data
and feedback from tasks to update the parameters of the model, thereby improving
the predictive performance and accuracy of the model.

To prevent overfitting, open language models can employ the approaches shown
in Table 5.

Dynamic learning rate is an adaptive optimization algorithm. When the perfor-
mance of the model is better, the learning rate can be appropriately increased to
accelerate the convergence speed of the model; when the performance of the model
is poor, the learning rate can be appropriately reduced to avoid overfitting.

6.8 Real-Time Inference

Real-time inference means that the model can respond to the user’s request in real
time when it runs after the training is completed. Key aspects are summarized in
Table 6.

6.9 Model Application

Use the test dataset to verify the accuracy of the model and apply the model to real-
world scenarios, such as intelligent customer service, language dialogue assistant,
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Name Description

Dropout
Some neurons are randomly discarded during training to reduce
dependencies between neurons. This makes the model more gen-
eralized and thus avoids overfitting.

Regularization
Include a regularized term in the loss function to limit the com-
plexity of the model. It is usually achieved using L1 regularization
or L2 regularization.

Early
stopping

Periodically evaluate the model’s performance on validation data
during the training process and stop training if the model under-
performs to avoid the model overfitting the training data.

Data
augmentation

Add some noise or do some transformation in the training data
to increase the diversity of the data. This allows the model to
generalize better, thus avoiding overfitting.

Table 5. Common methods to prevent overfitting

Requirement Demand Solution

Model
speed
and efficiency

Predictions need to be gen-
erated in a short period of
time.

Use optimization algorithms,
such as dynamic learning rate,
batch normalization.

Model
accuracy

Accurate predictions need
to be generated in a short
period of time.

Employ methods to prevent over-
fitting, such as Dropout, regular-
ization.

Data
preprocessing

The input data needs to be
processed to fit the model’s
input format.

Word segmentation and encoding
of the input text.

Model
schema

Use a trained model to
make predictions.

Use lightweight model architec-
tures, such as the Transformer-
based model.

Table 6. Key requirements for real-time inference

education and training, and other language dialogue scenarios. Application scenarios
and their implemented functions are summarized in Table 7.

These use cases are just some of the potential application areas of ChatGPT,
and with the continuous development and improvement of technology, ChatGPT will
have a wider range of application prospects. Case studies in the healthcare sector
show that ChatGPT can assist in patient triage and preliminary diagnosis, reducing
the workload of medical professionals while maintaining high accuracy [37, 38]. In
education, it has been used to provide personalized learning experiences, generating
interactive content that adapts to individual student needs. In the business sector,
ChatGPT has been integrated into customer service systems, automating responses
and improving efficiency [39, 40].
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Application
scenario

Implemented functionality

Intelligent
customer
service

As the core component of the intelligent customer service sys-
tem, it provides users with automated help and answers to ques-
tions. It can understand the user’s problem and give a reason-
able and accurate response, improving the efficiency and quality
of customer service.

Language
conversation
assistant

Provide personalized service and support to users. It can an-
swer the user’s questions, provide relevant information, and
have a natural and fluid conversation with the user.

Education
and
training

Provide students with personalized learning aids and answer
questions. It can generate corresponding educational content
and answers according to students’ needs and learning goals to
help students improve their learning effect.

Table 7. Application scenarios and implemented functions

7 EVALUATION INDICATORS

Evaluation indicators are important criteria for evaluating the performance of open
big language models. Commonly used evaluation indicators include perplexity,
BLEU, and ROUGE. Their characteristics, advantages and disadvantages are shown
in Table 8.

Name Features

Perplexity

Used to assess the uncertainty of the model in predicting the next
word. In general, the lower the perplexity, the better the model
performance. However, perplexity does not take into account whether
the generated sequence meets grammatical and semantic laws, so the
generation ability of the model cannot be fully evaluated.

BLEU

Evaluation metric based on n-gram matching. Used to assess the
similarity between the sentences generated by the model and the
reference sentences. The advantage is that it is possible to evalu-
ate whether the sentences generated by the model are similar to the
reference sentences, but BLEU still does not consider whether the
generated sentences comply with grammatical and semantic laws.

ROUGE

Evaluation metric based on sentence matching. Used to assess the
similarity between the sentences generated by the model and the ref-
erence sentences. The advantage is that it can evaluate whether the
sentences generated by the model are similar to the reference sen-
tences, and it can determine whether the generated sentences comply
with grammatical and semantic laws.

Table 8. Performance evaluation indicators of open language models
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8 FACING CHALLENGES AND FUTURE TRENDS

Although the open big language model has made some progress, there are still
many problems and challenges in practical application. Among them, the main dif-
ficulty is the efficiency of model training and prediction. Since open large-language
models need to deal with massive corpora, the efficiency of training and prediction
has become a serious problem. In addition, open big language models also face
problems such as semantic understanding, logical reasoning, and knowledge repre-
sentation.

The rapid development of large language models (LLMs) has brought significant
advancements in natural language processing, but it has also raised profound ethical
and social concerns. Ethical issues include the potential for generating misinforma-
tion, reinforcing biases, and compromising user privacy. Social impacts involve the
potential for job displacement due to automation and the broader implications for
societal trust in AI-generated content. To address these challenges, researchers and
policymakers must collaborate to establish robust ethical frameworks and regulatory
guidelines [31, 32].

In order to solve these technical difficulties, many innovative ideas and methods
have been born. For example, the methods of pre-training and fine-tuning are used
to improve the training efficiency of the model; the methods of multi-task learning
and transfer learning are used to enhance the semantic understanding and logical
reasoning ability of the model; and the knowledge representation ability of the model
is enriched by the knowledge graph and multimodal data. Challenges and proposed
solutions are grouped in Table 9.

Challenge Cause Solution

Dataset
bias

Text datasets are taken
from the Internet, may be
biased, and the trained
model does not adapt well
to new data.

Reduce dataset bias and improve
the generalization ability of the
model.

Model
interpretability

Open big language models
are often black-box models
that cannot explain their
inner workings.

Improve the interpretability of
models and better understand
the model generation process.

Real-time
performance

Training typically requires
a lot of compute resources
and time.

Improve the real-time perfor-
mance of the model and better
apply it to real scenarios.

AI ethics

Ethical issues such as mis-
information, data leakage,
and technology abuse may
occur.

Formulate ethical guidelines in-
cluding data security, privacy
protection, and restrictions on
the use of technology.

Table 9. Challenges and solutions to open big language models
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With the continuous advancement of big data and artificial intelligence tech-
nology, open big language models face many opportunities and challenges in the
future. In the future, more attention will be paid to the interpretability, scalability
and customizability of models to meet the needs of different fields and applications.
Emphasis will also be placed on the multimodal and cross-lingual capabilities of the
model.

However, the research and application of ChatGPT is still in its infancy, and
there are still some challenges and limitations. Improvements can be carried out
from the following aspects:

Improvements in training methods: New pre-training and fine-tuning methods
can be explored to improve the performance and effectiveness of ChatGPT.
For example, other techniques and algorithms, such as reinforcement learning,
adversarial training, etc., can be combined to improve the quality and fluency
of dialogue generation.

Optimization of model structure: The model structure of ChatGPT can be fur-
ther improved to improve the accuracy and logic of conversation generation. For
example, external knowledge bases and information retrieval techniques can be
introduced to enhance the model’s background knowledge and ability to answer
questions.

Expansion of application scenarios: ChatGPT can be applied to more fields
and scenarios, such as medical and health, financial services, and social enter-
tainment. By combining ChatGPT with the knowledge of domain experts, more
personalized and accurate service and support can be provided.

9 SUMMARY

Open Large Language Models (OLLMs) represent a significant advancement in Nat-
ural Language Processing (NLP), leveraging deep learning to train neural networks
for generating natural and fluent text. From a disciplinary development perspec-
tive, OLLM technology intersects with computer science, machine learning, and
NLP: computer science provides the necessary hardware and software environments
such as distributed and high-performance computing; machine learning contributes
algorithms and technologies like neural networks and pre-training techniques; while
NLP offers strategies and methods for processing and understanding language text,
including word segmentation and part-of-speech tagging.

This study provides an in-depth exploration of large open language models, with
a particular focus on ChatGPT and its integration with edge intelligence. We delve
into key technologies such as neural network models, pre-training methods, adaptive
learning, real-time inference, and language representation learning, which collec-
tively drive advancements in the field of NLP and expand its practical applications.
Specifically, ChatGPT demonstrates extensive potential in dialogue systems, natural
language generation, text classification, and machine translation, with ongoing im-
provements enhancing its functionality and utility. Our research also underscores the
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potential of ChatGPT in enhancing the efficiency and flexibility of language mod-
els when deployed on edge devices. However, challenges remain regarding model
complexity, data demands, and ethical considerations. Future research should focus
on optimizing model architectures to improve computational efficiency and reduce
resource requirements.

Looking ahead, with the continuous advancement of big data and AI technolo-
gies, OLLMs will receive greater attention in aspects like interpretability, scalabil-
ity, and customization to meet diverse needs across different fields. Additionally,
research will emphasize multimodal and cross-lingual capabilities, enabling the pro-
cessing of various data types – images, audio, and text – and facilitating interactions
between multiple languages. In conclusion, OLLM technology is poised for broader
applications and development, offering higher-quality and more effective intelligent
services to humanity.
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