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Abstract—Large language models (LLMs) (e.g., ChatGPT,
GPT-4 and Sora) have fundamentally transformed our daily
lives, catalyzing breakthroughs in natural language processing,
computer vision and revolutionizing human-computer interac-
tions. However, their transformative potential is hindered by
the immense computational resources required. To address this
challenge, the integration of LLMs with edge-cloud computing
infrastructure has become a focal point in advancing the capabili-
ties of artificial intelligence. This survey comprehensively exploits
the landscape of edge-enhanced intelligence, specifically focusing
on the synergy between LLMs and edge-cloud computing. The
paper delves into the evolution of LLMs, their architectural
intricacies, and the computational challenges associated with
deploying them in edge environments from the aspects of data,
computing power, model training and inference, etc. Further-
more, we exploit the bidirectional symbiotic relationship between
edge-cloud computing and LLMs from two key aspects: edge-
cloud computing empowered LLMs, i.e., Edge4LLMs and LLMs
driven edge-cloud computing, i.e., LLMs4Edge. After that, the
survey examines the dynamic collaboration between edge-cloud
computing and LLMs, highlighting their complementary roles in
optimizing the efficiency, real-time, and scalability of intelligent
applications. Through an extensive review of existing research
and practical implementations, this survey offers insights into
the current state of edge-enhanced intelligence, identifies key
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challenges, and proposes potential avenues for future research
and development. This survey aims to provide a comprehensive
understanding of the emerging paradigm of edge-enhanced intel-
ligence for LLMs, fostering informed discussions and inspiring
advancements in this field.

Index Terms—Large language models, edge-cloud computing,
wireless communication, edge intelligence, artificial intelligence.

I. INTRODUCTION

A. Background

Artificial general intelligence (AGI) has always been a
pursuit goal within the realms of science and technology.
[1]–[3]. It represents an intelligent system that can compre-
hensively understand, learn and perform various tasks like
humans. OpenAI is actively exploring various approaches to
unlock the potential of achieving AGI [4]. The realization
of AGI will bring profound changes to human society, and
its potential impact covers almost all fields (e.g., health care,
transportation, education) [5], [6]. However, the realization of
AGI still faces great difficulties. First, human intelligence en-
compasses complex cognition, emotion, and creative thinking,
which makes it extremely complex for machines to replicate.
Secondly, realizing AGI requires machines to be able to
flexibly learn and adapt in unknown environments, which
requires overcoming the task-specific limitations of current
narrow artificial intelligence (AI) [3].

Large language models (LLMs) play a pivotal role in
promoting the development of AGI [7]–[9]. Recently, LLMs
such as ChatGPT, GPT-4 [10] and Sora have made significant
progress in the fields of natural language processing (NLP),
computer vision (CV) and video generation. The powerful
language understanding and generation capabilities of LLMs
provide machines with the basis for a wide range of learning
in different fields. By combining LLMs with other techniques
(e.g., Prompt learning or In-context learning), we can grad-
ually address the task-specific challenge of narrow AI. This
integrated approach takes a critical step towards the goal of
comprehensive understanding and learning of various tasks by
machines, bringing a more feasible prospect to the realization
of AGI. Currently, we can access some typical LLMs through
browsers or office software (e.g., Hugging Face, New Bing and
Microsoft 365). However, as the model size increases, it also
brings training and inference challenges. The huge amount
of parameters leads to huge computing power requirements.
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According to Tirias Research, 20% AI workloads offloaded
from data centres through on-device and hybrid processing,
the cost of infrastructure and operating will decline by $15
billion [11]. At the same time, a large amount of data needs to
be processed, and the inference delay may be relatively long
[12], which is unsuitable for some applications that require
high real-time performance, such as autonomous driving or
decision-making in emergencies. Therefore, in the pursuit of
the performance of LLMs, we need to balance the potential
advantages and practical challenges.

To cope with the challenges of real-time performance and
inference delay brought by LLMs, the edge-cloud computing
paradigm has become a potential solution that has attracted
much attention. Edge-cloud computing pushes computing
power resources closer to network edges (e.g., base stations
(BSs)), thereby reducing data transmission delay [13], [14],
which is critical for application scenarios that require fast
response. Currently, the development of edge hardware [15]–
[17], hardware accelerators [18] and other optimization tech-
nologies (model compression [19], [20] and quantification,
etc.) has made it feasible to run LLMs on edge devices [21]
(such as smartphones and internet-of-things (IoT) devices). On
the other hand, by collaborative inference of LLMs at network
edges, we can more effectively utilize the power of LLMs to
provide intelligent decisions and service capability to edge
devices. Therefore, on the road to AGI, LLMs and edge-cloud
computing have formed a powerful synergistic relationship,
jointly promoting the evolution of future AI technology.

Recently, some studies [22]–[28] have focused on the inte-
gration of LLMs and edge-cloud computing in different sce-
narios. The authors in [22] propose a novelty task offloading
framework named LAMBO [22] that combines LLMs with
mobile edge computing (MEC) networks for achieving edge-
enhanced intelligence. These studies [23], [24] exploit the
feasibility of bringing LLMs to edge computing (EC) networks
and fine-tune LLMs through Federated Learning (FL), which
offers valuable insights for future advancements in federated
fine-tuning of LLMs on network edges. Wen et al. [25] design
a mobile task automation system AutoDroid by leveraging
LLMs to handle arbitrary tasks on Android applications in mo-
bile devices. Additionally, this paper [28] proposes a memory-
efficient algorithm ModuLoRA for LLMs with fine-tuning on
consumer graphics processing units (GPUs). Consumer GPUs
offer a distinct advantage at the edge of networks due to
their widespread availability and seamless integration, making
them easily accessible for a variety of edge applications.
These innovation frameworks, systems or algorithms [22]–[28]
have highlighted the feasibility and adaptability of running
sophisticated models on edge devices.

Actually, the effective integration of edge-cloud computing
and LLMs mainly presents two eye-catching forms, namely
LLMs4Edge and Edge4LLMs, as depicted in Fig. 1. The LLM
landscape spans text, image, code, and video domains, show-
casing its versatility in comprehending and generating content
across diverse modalities, as shown in Fig. 2. LLMs4Edge
emphasizes the utilization of LLMs within edge-cloud net-
works and deploys them on edge servers/devices to achieve
more intelligent real-time data processing and data generation
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Fig. 2. LLM landscape.

service. It pushes intelligent decision-making and language
understanding capabilities closer to edge users, providing more
efficient and responsive language interactions for smartphones
or IoT devices. This strategy is effective for enhancing the
capabilities of edge devices such as smartphones and IoT
devices, where instantaneous and intelligent language interac-
tions are imperative. On the other hand, Edge4LLMs is used
to leverage the potential of collaborative computing paradigm
between edge and cloud to strategically optimize the training
and inference efficiency of LLMs. Specifically, by migrating
partial or entire models to network edges, Edge4LLMs can re-
duce the communication/computation delay while maintaining
the utilization of idle powerful computing power.

Together, these integration forms pave the way for a seam-
less and efficient convergence of edge-cloud computing and
LLMs, fostering a rich ecosystem of intelligent applications.
This deep integration provides flexibility in adapting to diverse
use cases and enhances the overall efficiency of intelligent
systems, marking a significant stride towards the realization
of a more intelligent and connected world. As the synergy
between edge-cloud computing and LLMs continues to evolve,
the possibilities for innovative applications across industries
are boundless, heralding a new era in intelligent computing.
Some important notations are listed in Table I.
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B. Motivation of Edge-Cloud Computing and LLMs

In this subsection, we first discuss the limitations of LLMs,
and then we discuss the benefits of edge-cloud computing.
Finally, we explain the motivation for the integration of edge-
cloud computing and LLMs in detail.

1) Limitations of LLMs: LLMs exhibit various limitations
in terms of data, computing power resources, model training
and model inference:

• Limited data. The performance of LLMs is highly depen-
dent on large amounts of high-quality training data [29].
Nevertheless, obtaining and curating such datasets can
pose significant challenges, particularly within a narrow
and specialized domain. Limited data may cause the poor
performance of LLMs in understanding certain contexts
or specialized terminology [30].

• Insufficient computing power resources. Running LLMs
requires huge computing resources, including high-
performance hardware [31] and large-scale distributed
computing systems. Many users may have difficulty ac-
quiring the expensive hardware and infrastructure, re-
stricting their capacity to harness the potential of LLMs.

• Time-consuming and costly training. The training process
of LLMs may take massive time due to large parameters.
The escalating demand for computing/storage resources
has resulted in a substantial rise in training costs, render-
ing the training LLMs both intricate and expensive.

• High-latency inference. In real-world applications, the
inference process of LLMs may suffer from significant
delays [32], especially on edge devices with limited
resources. This high latency can impact the performance
of real-time applications, such as speech recognition or
instant response from smart assistants.

2) Advantages of Edge-Cloud Computing: The advantages
of edge-cloud computing are reflected in many aspects, includ-
ing data collection close to data sources, efficient use of edge
idle hardware resources, collaborative training on different
edge nodes, and edge inference.

• Nearby data collection. Edge-cloud computing networks
can achieve nearby data collection and processing closer
to data sources [33], [34]. This advantage reduces the cost
of data transmission, making the processing of real-time
data more faster and efficient.

• Efficient edge resource utilization. Edge-cloud computing
networks make full use of idle computing/storage re-
sources of edge devices and avoid over-reliance on central
cloud servers by intelligently allocating LLM tasks [35].
This efficient use of edge hardware resources not only
improves model performance, but also reduces the burden
on central cloud servers and overall resource overhead.

• Collaborative training. Edge-cloud computing networks
support collaborative training on edge nodes to achieve
distributed optimization of model parameters [36], [37].
This approach avoids transmitting large amounts of data
to the central cloud servers for training, reduces commu-
nication overhead and protects user privacy [38].

• Edge inference. Edge-cloud computing enables real-time
inference on edge devices without transmitting all data to

TABLE I
SUMMARY OF IMPORTANT NOTATIONS

Notation Definition

AGI Artificial general intelligence
AI Artificial intelligence

AIGC Artificial intelligence generated content
BC Blockchain

CPNs Computing power networks
CV Computer vision
DL Deep learning

DNNs Deep neural networks
EC Edge computing

DRL Deep reinforcement learning
FL Federated learning

FPGA Field-programmable gate array
FM Foundation model

GPU Graphics processing unit
IoT Internet of thing
IoV Internet of vehicles
KD Knowledge distillation

LLMops Operational processes of LLMs
LLMs Large language models
MEC Multi-Access/Mobile edge computing
ML Machine learning
NLP Natural language processing
PTQ Post-training quantization
QAT Quantization-aware training
QoE Quality of experience
QoS Quality of services

RLHF Reinforcement learning from human feedback
SCSs Sensor-cloud systems
SLA Service level agreement
SPs Service providers
TL Transfer learning

TPU Tensor processing unit
VEC Vehicular edge computing

central cloud servers [39], [40]. This real-time inference
method reduces communication delays and is suitable for
applications (e.g., intelligent monitoring and autonomous
driving) with high real-time requirements.

3) Integration of Edge-Cloud Computing and LLMs: Inte-
grating edge-cloud computing and LLMs is an emerging
technology trend. It aims to provide more efficient and flexible
computing/storage resource support for LLMs by taking full
advantage of EC and cloud computing. Fig. 3 shows the
motivation for integration of edge-cloud computing and LLMs.
This integration accelerates the training and inference process
of LLMs and optimizes resource utilization.

Edge-cloud computing plays a key role in data management,
computing power optimization, model training and inference
[41] for LLMs. For data management, Training LLMs require
large-scale, high-quality datasets. Currently, edge servers are
generally closer to data sources and can achieve a lower data
collection cost [42]. In terms of computing power resource
optimization, there are a large number of scattered and idle
computing power resources at network edges [43], [44]. Edge
networks can effectively integrate these computing power
resources. From the aspect of model training and inference, EC
reduces communication delays and improves the performance
of model inference by pushing computing resources closer to
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edge devices. Cloud computing provides more powerful com-
puting and storage capabilities to support large-scale training
tasks [45]. By intelligently allocating tasks between the edge
and cloud servers, the system can achieve efficient resource
utilization and reasonably distribute the computing load to
different layers, thereby optimizing the efficiency of LLMs.
This integration enables LLMs to better adapt to various
application scenarios.

On the other hand, LLMs also provide huge advantages for
edge-cloud networks. Specifically, LLMs can empower edge-
cloud networks in terms of data generation, policy-making, and
customized personalized services. LLMs have demonstrated
excellent performance in NLP, image recognition and other
tasks, providing powerful information processing and analy-
sis capabilities for various application scenarios. By deploy-
ing lightweight LLMs on edge devices, localized real-time
decision-making can be achieved and service dependencies
on cloud servers can be reduced. LLMs serve as intelligence
engines on edge devices to process real-time data, while
working in conjunction with cloud servers to complete more
complex and large-scale tasks. This bidirectional collaborative
relationship enables edge-cloud networks to more comprehen-
sively meet the needs of different applications and achieve
a higher level of intelligence and flexibility. Therefore, it is
attractive to investigate how edge-cloud computing and LLMs
can be efficiently combined to enhance service performance.

C. Related Work and Our Tutorial

Recently, many studies have conducted research on EC,
machine learning (ML), deep learning (DL) and LLMs. We
listed some related surveys or tutorials in Table II. This survey
[46] exploits EC as a crucial solution for network opera-
tors, detailing its integration into current mobile networks.
It provides a comprehensive state-of-art study on diverse
approaches to optimizing network resources and raises some
open issues. This survey [47] exploits the application of

TABLE II
COMPARISON OF THE EXISTING SURVEYS

Ref Topic Main contribution

[46] EC Exploit EC as a crucial solution for network
operators.

[47] ML/DL Examine ML/DL solutions for optimizing
resource allocation at MEC networks.

[48], [49] LLMs Focus on operational principles, cutting-edge
solutions, and future challenges of LLMs.

[50] LLMs Discuss the entire life cycle of LLMs and
future direction.

[51] DL+EC
Discuss application scenarios, practical
implementation and enabling technologies
to achieve edge intelligence, intelligent edge.

[52] Distributed
AI+EC

Introduce fundamental technologies and
emphasize the benefits for supporting
distributed AI.

[53] Distributed
AI+EC

Investigate state-of-the-art libraries,
frameworks, learning paradigms, and
experimental systems for distributed AI.

[54] Edge
for LLMs

Discuss 6G MEC architecture and some
key techniques for efficient LLM deployment.

[55] AIGC+EC

Discuss the life cycle of AIGC services,
collaborative infrastructure and technologies
supporting real-time AIGC services at
mobile AIGC networks.

[56] AIGC+EC Offering a promising solution for seamless
delivery AIGC services in wireless networks.

Our
work LLMs+EC Exploit the opportunity, advantages and

challenges of LLM for Edge, Edge for LLM.

ML/DL in MEC networks for efficient resource allocation. The
authors provide tutorials on the advantages of ML/DL, discuss
enabling technologies for ML/DL training and inference, and
identify key research directions. For LLMs, the studies [48],
[49] provide a comprehensive survey of AI-generated content
(AIGC), focusing on the widespread use of large AI models
like ChatGPT. It covers the working principles, security and
privacy threats, state-of-the-art solutions, and future challenges
in the AIGC paradigm. This survey [50] serves as recent
advancements in LLMs. The authors cover key aspects of
LLMs, including pre-training, adaptation tuning, utilization,
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and capacity evaluation, offering an up-to-date resource for
researchers and engineers, and showcasing the significant
impact of LLMs on AI community.

With the advanced function of these technologies, an in-
creasing number of studies have diligently explored the in-
tricate relationships and collaborative potentials within EC
and ML/DL. Currently, there have been many efforts that
attempt to integrate EC, ML/DL and LLMs to compensate
for each other’s weak points. This comprehensive [51] survey
exploits the convergence of EC and DL, outlining application
scenarios, and detailing practical implementation methods and

enabling technologies, such as customized EC frameworks
for DL training and inference at network edges. Furthermore,
in terms of distributed AI on end-edge-cloud computing net-
works, this survey [52] presents a comprehensive survey on
distributed AI empowered by end-edge-cloud computing. The
authors introduce fundamental technologies, outline various
computing paradigms and emphasize the benefits of supporting
distributed AI. Apart from this, in [53], the authors com-
prehensively investigate state-of-the-art libraries, frameworks,
learning paradigms, and experimental systems for learning-
based analytics, and exploit the landscape of distributed AI at
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the edge-cloud environment.
The emergence of LLMs has captured the attention of re-

searchers, sparking widespread interest and exploration. It has
spurred investigations into seamlessly integrating these LLMs
with EC. From the perspective of EC empowering LLMs, this
article [54] envisions 6G MEC architecture for LLMs and dis-
cusses cutting-edge techniques like split learning, parameter-
efficient fine-tuning, quantization, and parameter-sharing in-
ference for efficient LLM deployment at network edges. This
survey [55] exploits the deployment of artificial intelligence-
generated content (AIGC) applications, such as ChatGPT
and Dall-E, in mobile AIGC networks. The authors cover
the life-cycle of AIGC services, collaborative infrastructure,
and technologies to support real-time AIGC services for a
comprehensive realization of mobile AIGC networks. This
article [56] leverages device collaboration to optimize edge
computation resource utilization, offering a promising solution
to existing limitations in resource optimization and seamless
delivery of AIGC services in wireless networks.

Different from these existing surveys, this survey compre-
hensively exploits the symbiotic relationship between edge-
cloud computing and LLMs from two key aspects: edge-cloud-
empowered LLMs (Edge4LLMs) and LLMs-driven edge-cloud
computing (LLMs4Edge). LLMs have powerful decision-
making and personalized service capabilities due to their
advanced inference capabilities and rich world knowledge.
Meanwhile, edge-cloud computing networks can achieve
nearby data collection and processing (e.g., model training
and inference) closer to data source. In light of this, we
contemplate the integration of edge-cloud computing and
LLMs, seeking to harness their synergistic potential. The main
contributions are stated as follows:

• First, we provide a comprehensive overview of the char-
acteristics, development and life-cycle of LLMs. Then,
we introduce the paradigms of edge-cloud computing and
edge AI hardware for the training and inference of LLMs.

• Second, we focus on exploring the symbiotic relation-
ship between edge-cloud computing and LLMs (i.e.,
LLMs4Edge and Edge4LLMs), highlighting the bidirec-
tional empowerment.

• Third, we delve into practical applications of LLMs in
edge-cloud networks and showcase the integration of
LLMs in the realm of different edge-cloud scenes.

• Finally, we outline some research challenges and future
directions at the intersection of edge-cloud computing
and LLMs integration. Meanwhile, we point out the key
areas that should be further explored to improve the
performance of LLMs at edge-cloud networks.

The subsequent sections of this survey are meticulously or-
ganized as follows: In Section II, we undertake a thorough ex-
ploration of LLMs, while Section III is devoted to delving into
the foundational aspects of edge-cloud computing networks.
The bidirectional synergy between edge-cloud computing and
LLMs is unveiled in Section IV (LLMs4Edge) and Section V
(Edge4LLMs). Different practical applications of LLMs within
the context of edge-cloud networks are presented in Section
VI. In Section VII, we discuss the research challenges and

future directions from three different aspects. To bring our
exploration to a comprehensive closure, Section VIII encap-
sulates the concluding remarks of this survey. The organization
graph of this survey is shown in Fig. 4.

II. FUNDAMENTALS OF LLMS

A. Characteristics of LLMs

LLMs stand as a pivotal concept in the realm of DL, which
refers to models with an extensive number of parameters
and complex structures. These models are often trained with
advanced DL techniques and can process large-scale data
and learn more complex patterns. In this subsection, we will
exploit the key characteristics of LLMs.

One of the key characteristics of LLMs is their large number
of parameters [48]. These parameters include model weights
and biases. These huge number of parameters are used to
capture various complex patterns and intrinsic relationships in
input data. Large-scale parameters enable LLMs to better adapt
to training data, learn more abstract and complex representa-
tions, and improve the generalization ability on unseen data
[57]. According to [58], as the model parameters reach a cer-
tain quantity, ”intelligence” begins to emerge. Typical LLMs
may have tens to hundreds of billions of parameters, such as
GPT-4, LLAMA2-70B1 and GLM-130B2, which depend on
their architecture and application domain. However, the huge
number of model parameters also requires more computing
power resources for training and inference, which can lead to
longer training times and higher hardware requirements.

Another notable feature of LLMs is their complex model
structure. The complex structure helps the model extract and
combine the features of input data layer by layer to form a
hierarchical representation, thereby better capturing the deep
relationships of input data [50]. The structure of LLMs may
also involve some advanced techniques, such as attention
mechanisms and residual connections, to enhance model’s
attention on input data and improve its learning ability. This
complexity not only increases the expressive capabilities, but
also poses challenges to model training and optimization.
Therefore, the training of LLMs usually requires the use of
advanced training strategies and technologies. Many public
LLMs have been released on HuggingFace3 platform or em-
bedded into search engines and office software (e.g., New Bing
and Microsoft 365), the readers can easily obtain them.

B. Development of LLMs

In this subsection, we will exploit the evolutionary stages
of LLMs from the perspective of parameter scale, technical
architecture, modal support and application fields.

From the perspective of parameter scale, LLMs have gone
through three stages: pre-training model, large-scale pre-
training model, and ultra-large-scale pre-training model. The
parameter scale increases by nearly 10 times every year, and
the number of parameters has grown dramatically from tens

1https://huggingface.co/meta-llama/Llama-2-70b-chat-hf
2https://github.com/THUDM/GLM-130B
3https://huggingface.co
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of billions to hundreds/thousands of billions [50]. At present,
LLMs with hundreds/thousands of billions of parameters have
become mainstream, such as OpenAi GPT-4/Sora, Google
PaLM [59], Tencent HunYuan-NLP 1T [60] and Alibaba
Tongyi Qianwen [61], etc. Their huge amount of parameters
allows LLMs to understand and generate content smoothly.
These state-of-the-art LLMs usher in a new era of information
processing, enabling more nuanced, context-aware interactions
between machines and humans.

From the perspective of technical architecture, transformer
architecture [62] is the mainstream architectural foundation in
the current LLMs, thus forming two main technical routes:
BERT and GPT. BERT is knowledgeable in capturing bidi-
rectional contextual information and is particularly suitable
for tasks such as question answering, sentiment analysis, and
named entity recognition. After the release of GPT-3.5, GPT
gradually became the mainstream route for LLMs. GPT’s
notable advantage over BERT lies in its ability to generate
coherent and contextually rich language, enabling more dy-
namic and versatile language understanding and production
[63]. Currently, most LLMs with parameter scales exceeding
100 billion adopt the GPT mode.

From the perspective of modal support, LLMs can be
divided into NLP LLMs, CV LLMs and scientific computing
LLMs typically [64]. As LLMs continue to evolve, the trend
is shifting towards enhancing cross-modal understanding (i.e.,
multi-modal LLMs). The modalities supported by LLMs are
more diverse, from supporting a single task in a single
modality of text, image, or video to supporting multiple tasks
in multiple modalities. These multi-modal LLMs [65], [66]
provide comprehensive analytics and insights for applications
such as multi-media processing, decision-making, and more.

From the perspective of application fields, LLMs can be
divided into two types: general-purpose LLMs and indus-
try LLMs. General-purpose LLMs have strong generalization
capabilities and can complete multi-scenario tasks without
fine-tuning or with a small amount of fine-tuning [67]. They
are equivalent to AI completing ”comprehensive education”.
ChatGPT, Huawei Pangu [68] and Baidu Wenxinyiyan are
both general-purpose LLMs with rich knowledge. The industry
LLMs use industry knowledge to fine-tune LLMs, allowing
LLMs to complete ”professional education” to meet the needs
of different fields such as medical [69], finance [70], manu-
facturing [71], multi-media, etc.

C. Life-cycle of LLMs

In the life cycle of LLMs, the operational processes (i.e.,
LLMops) unfold through several critical stages:

Tokenization, Embedding and Vector database: The first
step in the LLMops usually involves converting raw text into
the format that the LLMs can process. Tokenization decom-
poses text into sequences of words, and then maps these word
sequences into high-dimensional vectors through embedding.
This embedding operation will capture the underlying structure
and relationships in the data, where semantically similar words
are mapped close to each other in vector space. To speed up
retrieval and similarity comparison, the embedded text vectors
are usually stored in vector databases. Such vector databases
can efficiently retrieve large-scale text vectors, making tasks
such as similarity matching more efficient.

Pre-training and Supervised Fine-Tuning: Pre-training is a
foundational phase in the life-cycle of training LLMs [50].
During this stage, the model undergoes extensive training
on vast corpora, typically leveraging large-scale text datasets
like Wikipedia, GitHub, or some multi-modal databases. The
objective is to enable LLMs with a broad understanding of
language patterns and semantics. Following pre-training, the
pre-trained model as a foundation model (FM) needs to be
fine-tuned [72]. This stage trains the model on high-quality
demonstration data. The model learns to predict the next word
in a sentence and generate the context. The goal is to adapt
the pre-trained model to a specific domain, thereby improving
the performance of target tasks.

Reinforcement Learning from Human Feedback (RLHF):
RLHF serves as a crucial mechanism for refining the output
of LLMs based on human-generated evaluations [73]. The
fine-tuned model uses DRL to improve its output iteratively.
The reward model is built on human evaluation, guiding the
model to generate more contextually relevant and human-like
language. The process involves a continuous cycle of model
generation, manual evaluation, and model refinement. Chain-
of-thought prompts are the instructions or questions that the
user inputs to LLMs. This may involve designing appropriate
natural language queries or other forms of input to guide the
model to produce the desired results. Constructing effective
prompts can significantly affect the output of LLMs. After the
above process, we will get the final model.

Model deployment and inference: This deployment inte-
grates the trained LLMs into real-world environments, which
may include cloud platforms, edge devices or other distributed
systems. Model inference uses a trained model on real data
to generate content or make predictions. This step requires
optimized model structures and efficient computing resources
to ensure the inference performance. An overview of LLMops
at edge-cloud networks can be seen in Fig. 5.

III. FUNDAMENTALS OF EDGE-CLOUD COMPUTING

A. Paradigm of Edge-Cloud Computing

Typical, edge-cloud computing can be categorized into
three distinctive collaborative paradigms: End-edge, edge-
edge, edge-cloud, and end-edge-cloud collaboration.
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End-edge collaboration. End-edge collaboration [74], [75]
represents a transformative paradigm where ’end’ refers to
devices like smartphones and IoT devices, serving as the front
line for data collection and initial processing [76]. These end
devices act as the first point of interaction, collecting real-time
data through sensing and performing preliminary processing
tasks [77], [78]. The ’edge’ serves as the hub for model
development, fostering continuous refinement and improve-
ment. Typical ’edge’ includes the cloud edge, device edge
(e.g., NVIDIA Jetson modules, ARM Mbed and Raspberry
Pi) and sensor edge (e.g., cameras). Simultaneously, the ’edge’
emerges as the execution ground, where models flexibly adapt
to real-time scenarios. This decentralized deployment ensures
low-latency responses, making critical decisions without the
need for constant connectivity to the central cloud servers.

Edge-edge collaboration. Edge-edge collaboration [79] em-
phasizes collaboration between different edge servers, avoid-
ing the bottleneck of transmitting all computing tasks to cloud
servers. In the edge-edge collaborative computing paradigm,
computing tasks are distributed to different edge servers at
the edge of networks [80]. For LLMs, this means that part
of model computation tasks can be distributed to nearby edge
servers for training or inference, thereby reducing the burden
on cloud servers and overall response delay.

Edge-cloud collaboration. Edge-cloud collaborative com-
puting paradigm [81], [82] combines the advantages of edge
computing and cloud computing. In this paradigm, the ’cloud’
acts as the intellectual powerhouse, orchestrating the training
and evolution of LLMs with vast datasets. Some computation-
intensive tasks are assigned to cloud servers for execution,
while others are sent to edge servers for processing [83]. For
LLMs, part of GPU-friendly inference tasks can be offloaded
to cloud servers for processing, especially those complex
model structures that require large amounts of computing
resources. This paradigm allows LLMs to be efficiently trained
and inference in the cloud servers while retaining the low la-
tency and real-time nature of edge processing [84], improving
overall system flexibility and performance.

End-Edge-Cloud Collaboration. End-edge-cloud collabora-
tive computing [52], [85], [86] is a comprehensive paradigm
that integrates end devices, edge devices, and cloud comput-
ing resources. This paradigm allows seamless inter-working
between end devices, edge servers, and cloud servers to dy-
namically allocate computing load based on the nature and re-
quirements of tasks [20], [87]. End devices can perform simple
tasks, edge devices can handle tasks of medium complexity,
and the cloud is used to handle large-scale, high-computing-
demand tasks. For LLMs, different model parts can work
together on end devices, edges, and clouds to form a full-stack
collaboration computing system. This collaborative paradigm
balances flexibility and efficiency in LLM training/inference.

B. Edge AI Hardware for LLMs

The emergence of LLMs like GPT-4 and Sora has indeed
brought about a paradigm shift. Nevertheless, it is important
to acknowledge that these LLMs have posed significant com-
putational and storage challenges. Innovative advancements in

Jetson Nano Jetson Orin

Jetson AGX Xavier Jetson TX2

(a) NVIDIA Jetson series (b) Coral Dev Board

(d) Huawei Ascend series

Atlas 300I Inference Card

Atlas 300T Training Card

(c) Intel Movidius series

Fig. 6. Different edge AI hardware of NVIDIA Jetson series, Google Coral
series, Intel Movidius series, Huawei Ascend series.

various categories of AI hardware, ranging from processing
units to storage chips, including specialized hardware accel-
erators and architectural optimizations, have played a pivotal
role in enhancing training/inference efficiency, and practical
application of LLMs.

1) Computing-Power Processing Units for LLMs: typical
processing units can be divided into four categories according
to different functions. i) GPU: the highly parallel architecture
of GPU provides formidable computational support for the
training/inference of LLMs. Its parallel processing capabil-
ities accelerate critical tasks such as matrix computations
and facilitate rapid model iteration. Typical products include
NVIDIA A100, H100 Tensor Core GPU, AMD’s Radeon
Instinct series and HUAWEI Ascend Atlas 800 [88]. ii) TPU
(Tensor Processing Unit): TPU [89] is specifically optimized
for tensor operations. Its deployment in environments such as
the Google Cloud platform provides efficient hardware support
for LLMs. Typical products include Google TPU-v5e. iii)
ASIC (Application-Specific Integrated Circuit): ASIC chips
tailored for specific tasks exhibit outstanding performance and
energy efficiency, particularly crucial for handling the exten-
sive parameters of language models [90]. Typical products in-
clude Intel Gaudi 2 and SAMSUNG Warboy. iv) FPGA (field-
programmable gate array). FPGA [91] provides a flexible and
programmable hardware acceleration solution, enhancing the
efficiency of processing large-scale models through parallel
computing and customizable architecture. Typical products
include Xilinx series [92], Intel Arria and Stratix.

2) Integrated AI Hardware of LLMs for Edge Nodes: The
increasing demands of LLMs underscore the imperative for
efficient deployment of AI models at edge nodes. Several
prominent solutions for LLMs with edge computing include:
i) NVIDIA Jetson series, featuring high-performance GPUs
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for both inference and training in edge devices such as drones
and smart cameras. ii) Google Coral series, comprising the
Edge TPU accelerator and Coral Dev Board, offers efficient
edge AI computing solutions, particularly suitable for real-
time object detection and speech recognition in edge devices
and embedded systems. iii) Intel Movidius series, specialized
in visual processing, presents low-power, high-efficiency edge
computing solutions applicable to real-time image processing
in cameras and surveillance systems, supporting various DL
models. iv) Qualcomm AI Engine, integrated into Snapdragon
processors, provides high-performance AI computing capabil-
ities suitable for mobile devices and intelligent cameras. v)
Huawei Ascend series, including Atlas 300T Training Card,
Atlas 300I Inference Card and NPU chips, is designed for ef-
ficient AI computation, finding applications in edge scenarios
like smart cities and industrial automation, and delivering rapid
processing capabilities. As shown in Fig. 6, these mainstream
solutions contribute significantly to advancing edge computing
and embedding AI applications into the IoT domain.

C. Serving LLMs at Edge-Cloud Networks

In this section, we will discuss some feasible techniques for
running LLMs at edge networks.

1) Model Optimization: Deploying LLMs at edge-cloud
networks demands a meticulous focus on model optimization
to address the challenges of limited computational resources
[93], [94]. Optimal model architecture selection is paramount,
tailoring it to the specific task while considering the compu-
tational constraints of edge devices. Techniques like model
pruning [95], [96] and quantization [97] become instrumental
in achieving these objectives, allowing for the removal of
redundant connections and tolerable loss of accuracy without
compromising overall model performance. Moreover, embrac-
ing deep compression methodologies, such as model distilla-
tion [98], becomes imperative for reducing the model size.
This compression aids in minimizing the storage requirements
and contributes to more efficient model loading and execution
on resource-constrained edge devices. The intricate balance
between model complexity and efficiency is a key considera-
tion in achieving optimal performance in edge environments.

2) Edge Device Compatibility: Ensuring compatibility with
edge devices is another critical factor for deploying LLMs
at edges. This necessitates a meticulous approach to align
the model with the diverse hardware configurations prevalent
in edge environments. Firstly, it involves adapting LLMs
to the specific hardware architecture of edge devices. This
may require optimizations and fine-tuning to leverage the
capabilities of different processors and accelerators. Besides,
compatibility checks for runtime libraries and dependencies
are paramount to guarantee a seamless execution environ-
ment, preventing conflicts and ensuring the model’s smooth
operation on diverse edge devices. Meanwhile, LLMs should
execute within the limited computational power and also be
optimized to minimize energy consumption. It is necessary to
select algorithms and optimization strategies that align with the
low-power characteristics of edge devices to strike a balance
between model performance and resource efficiency.

3) Containerization: Containerization technique provides a
versatile and standardized environment for seamless execution
across diverse edge devices [99]. LLMs along with their
runtime environment and dependencies, can be encapsulated
in lightweight docker containers. This encapsulation facilitates
easy portability, ensuring that the model and its associated
components can be seamlessly transferred across different
edge devices, regardless of their underlying infrastructure.
Apart from this, container orchestration tools, such as Ku-
bernetes [100], [101], allow for the efficient coordination
of containerized language models, ensuring their availability,
scalability, and reliability across edge and cloud environments.
Administrators can easily manage resources, automate scaling
based on demand, and streamline updates without disrupting
ongoing operations. Each LLM instance resource isolation and
runs within its dedicated container, preventing interference or
conflicts with other instances. This enhances both security and
reliability, as issues with one instance are contained within its
container, safeguarding the overall system stability.

4) Effective Orchestration: Effective orchestration between
edge and cloud servers is crucial for deploying seamlessly,
ensuring optimal performance and resource utilization. Kuber-
netes is a container orchestration tool that provides a unified
framework and enables consistent deployment practices, en-
suring that LLMs can be deployed with ease irrespective of
the underlying architecture. Besides, load balancing can be fa-
cilitated through container orchestration tools. In the context of
LLMs, this ensures that requests are evenly distributed across
diverse edge and cloud nodes, preventing the overloading of
specific resources and optimizing response delay. In addition,
version management is another critical aspect. Orchestrating
the deployment of LLMs involves handling multiple versions
coherently. This enables the seamless rollout of new model
versions while retaining the ability to revert to older versions
if necessary, ensuring a smooth and controlled transition.
In short, effective orchestration streamlines the deployment,
scaling, and management of LLMs. It incorporates automatic
scaling, version management, and load balancing to ensure
efficient and reliable operation across a distributed network of
edge and cloud resources.

IV. EDGE-CLOUD COMPUTING EMPOWERED LLMS

In this subsection, we discuss how LLMs empower edge-
cloud computing (i.e., Edge4LLMs) from the aspects of data,
computing power, model training and inference.

A. Edge Data Management for LLMs

Training LLMs requires large-scale, high-quality, multi-
modal data [102]. These multi-modal data can be in various
forms (e.g., text, image, audio or video, etc.) that enable
LLMs to understand the world more comprehensively and thus
better solve problems such as image description generation
or text understanding. Multi-modal data provide extensive
information and enhance the generalization ability required
by LLMs. In this subsection, we explain how edge-cloud
computing can empower LLMs from the perspectives of data
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collection, data pre-processing and data security. Fig. 7 shows
the paradigm of data management for LLM at network edges.

1) Multi-Modal Data Collection: edge servers are generally
closer to data source and can achieve a lower data transmission
cost [103], [104]. Therefore, it is necessary to collect multi-
modal data from various fields and multiple data sources with
edge servers. This can significantly reduce the expense of
data collection and make it easier to collect more data. One
feasible approach is a network-based data collection strategy.
Network-based data collection strategies collect multi-modal
data for supporting training and inference of LLMs based on
edge network infrastructure. By harnessing the power of the
edge network, edge servers can seamlessly gather diverse data
types, including text, images, audio, and video, enabling LLMs
to acquire the necessary knowledge and generate contextual
responses. Zheng et al. [105] design a novel framework for
graph data collection in distributed IoT networks and propose
centralized and two decentralized algorithms that aim to min-
imize bandwidth consumption for addressing the challenges
of overlapping and sensitive data, respectively. The authors in
[106] propose a distributed data collection framework, named
DaaC. DaaC emphasizes privacy and efficiency, and allows
for secure and efficient data gathering in complex multi-level
edge networks. Apart from this, Liu et al. [107] present a
collaborative data collection approach in Internet-of-Vehicles
(IoV) to achieve better spatio-temporal data evenness, address-
ing the limitations of vehicle data collection in vehicular edge
computing (VEC) networks.

These diverse contributions emphasize the importance of
edge computing for efficient data collection, privacy preser-
vation, and collaborative strategies to address evolving chal-
lenges. Based on the above studies, we summarize the poten-
tial key procedures of network-based data collection strategy
as: i) network data parsing: edge servers parse and process
network data streams (e.g., real-time streams, cameras or
sensor data, etc.). ii) multi-modal data fusion: edge servers fuse
multi-modal data from different sensors or cameras to generate
richer content. For example, image data captured by cameras
can be combined with audio data from sound sensors to
provide a more comprehensive scene understanding. iii) multi-
modal data transmission: edge servers use data compression

and optimization techniques to transmit collected multi-modal
data to cloud servers for further use while maintaining high
data quality. This efficiently facilitates the transmission of
multi-modal data under limited conditions of network edges.

2) High-efficiency Data Pre-Processing: Data pre-
processing is crucial to improve model robustness and reduce
resource costs of training and inference of LLMs. Cleaned
high-quality data is the basis for building efficient, accurate
and reliable LLMs [48], [108]. In the first step of data
pre-processing, it is necessary to check whether the data
format is as expected (including data deduplication, filtering
and data missing value processing, etc,.). During the cleaning
process, the data needs to be standardized and normalized
to ensure that the data has consistent metrics for subsequent
analysis and model training [109]. Edge servers can verify
the integrity of the data, whether the data type is correct, and
whether the data contains any outliers [110]. This paper [109]
introduces a two-part framework for IoT data pre-processing
at edge networks. The first part comprises a design tool
for simplifying the AI data pre-processing phase through
generalization and normalization. The second part is an
IoT tool adopting edge-cloud collaboration to enhance data
quality progressively. To address big data cleaning challenges
in industrial Sensor-Cloud Systems (SCSs), Wang et al. [110]
propose data cleaning methods that utilize edge nodes during
data collection, incorporating an angle-based outlier detection
method and support vector machine (SVM) for improving
data cleaning efficiency, and reducing bandwidth and energy
consumption in the industrial SCSs.

3) Reliable Data Security: Edge-cloud computing architec-
tures inherently facilitate decentralized processing and compu-
tation on edge devices, diminishing the necessity for transmit-
ting data to cloud servers [111]. This localization process can
minimize the risk of raw data during transmission, thereby
enhancing data privacy protection. For LLMs, one feasible
approach is to use FL, where only the model parameters are
transmitted rather than raw data [112]. Some studies first car-
ried out research on integrating the foundation models (FMs)
of LLMs and FL [113]. This paper exploits the symbiotic
relationship between FMs and FL. FL enhances FM through
collaborative training, while FMs provide a robust starting
point for FL, accelerating convergence and improving training
performance. To achieve privacy-preserving and collaborative
learning across multiple end-users, Yu et al. [114] combine
the strengths of FMs like LLaMA, BERT and GPT with FL.
The proposed approach addresses privacy concerns associated
with optimizing FMs, enabling collaborative learning without
compromising sensitive data. Besides, the authors also outline
the benefits and challenges of integrating FL throughout the
FM lifespan, including pre-training, fine-tuning, and applica-
tion. These studies [113], [114] have proven that integrating
LLMs and FL can enhance training efficiency and ensure data
security to a certain extent.

In addition, some authors also study how to protect the data
security of FL for LLMs from other aspects. Kuang et al.
addresses the challenges of privacy-preserving fine-tuning of
LLMs in resource-constrained edge environments. The pro-
posed package, FS-LLM [115], offers an end-to-end pipeline
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TABLE III
SUMMARY OF DATA COLLECTION, PRE-PROCESSING AND SECURITY OF EDGE DATA MANAGEMENT AT EDGE-CLOUD NETWORKS.

Ref. Scenarios Objective Benefits/Main Ideas Tools /Method

Data
Collection

[105] Distributed
IoT networks

Minimize the bandwidth con-
sumption

Address the challenges of overlapping and
sensitive data for graph data collection

Centralized and
decentralized algorithms

[107] IoV networks Achieve better spatio-temporal
data evenness

Address the limitations of vehicle data col-
lection in IoV networks

Online and Offline
Scheduling

Data
Pre-Processing

[109] Edge networks Improve data pre-processing
efficiency

Solve the IoT data pre-processing at network
edges Two-part framework

[110] Industrial
SCSs

Enhance big data cleaning ef-
ficiency while reducing band-
width and energy consumption

Utilize edge server and incorporating an
angle-based outlier detection method and
SVM for improving big data cleaning ef-
ficiency

SVM algorithm

Data
Security

[113] \ Improve the performance of
FMs with FL

Exploit the symbiotic relationship between
FMs and FL, while FL enhances FM
through collaborative training and FMs pro-
vide a robust starting point for FL

Federated FMs

[114] Edge networks
Achieve the privacy-preserving
and collaborative learning
across multiple end-users

Address the privacy concerns associated
with optimizing FMs

Federated Pre-training
and Fine-tuning

automating dataset that integrates pre-processing, federated
fine-tuning, and performance evaluation of LLMs. To tackle
the challenges of limited labelled data and communication
constraints in mobile FL scenarios, the authors propose a low-
parameter FL (LP-FL [116]) approach that combines few-shot
prompt learning for training of LLMs. LP-FL leverages the
low-rank adaptation (LoRA) technique to reduce computation
and communication costs, which outperforms full-parameter
FL in sentiment analysis tasks across various FL settings.
In terms of the FL framework for LLMs, FATE-LLM [117]
promotes efficient training through parameter-efficient fine-
tuning methods while safeguarding intellectual property and
preserving data privacy during both the training and inference
process. These studies show that FL can guarantee data privacy
throughout the entire lifecycle of LLM. We summarize the
strategy of data collection, pre-processing and security of edge
data management in Table III.

B. Edge Computing Power for LLMs

With the rapid growth of IoT devices and applications,
there are a large number of scattered and idle computing
power resources at network edges. LLM training and inference
often require large amounts of computing power resources.
Edge-cloud networks can effectively integrate these computing
power resources for the training and inference of LLMs. In
this subsection, we will discuss the edge computing power for
LLM from the aspect of computing power supply, scheduling
and trading, respectively.

1) EC for Optimizing Computing Power Supply: Edge plays
a pivotal role in computing power supply by strategically
distributing computational tasks and efficiently utilizing avail-
able resources [118], [119]. To achieve it, computing power
pooling is a feasible resource management strategy designed
for aggregating and sharing these idle computing resources
(such as CPU, GPU, TPU, etc,.), so that edge devices or DL

applications can jointly access and utilize these computing
power more efficiently. This technology can play a key role in
the training and inference of LLMs at edge networks. Tang et
al. propose a computing power supply framework FusionAI
[119] that harnesses the computational power of consumer-
level GPUs for training and deploying LLMs. FusionAI use
a broker with backup pool to dynamically join and quit
of computing power providers. Meanwhile, FusionAI shows
that 50× RTX 3080 GPUs can match the throughput of 4
more expensive H100 GPUs. This makes decentralized LLM
training and deployment more accessible and cost-effective.

In a related domain, the authors in [120] design In-Network
Pooling in computing power networks (CPN). They utilize a
modified DRL framework to efficiently utilize idle computing
and caching resources for resource-hungry applications. ERP
[121] is a typical edge resource pooling framework that
exploits computation resource collaboration and sharing in
mobile computing networks. Additionally, Lyu et al. [122]
propose the framework SoSA, a novel architecture in large-
scale WiFi systems to create a resource-pooled edge system.
To address the challenges of low resource utilization, SoSA can
share the pooled resource conveniently and improve service
performance obviously. Together, these innovation frameworks
contribute to the evolution of computing power supply strate-
gies in distributed edge environments.

2) EC for Optimizing Computing Power Scheduling: edge
computing can optimize computing power scheduling by
bringing computation resources to where they are needed,
thereby efficiently utilizing these idle resources [123]. This
proximity to data sources allows for real-time processing and
enhances overall system performance. We list some typical
strategies for optimizing computing power scheduling at edge
networks: resource-aware computing power scheduling, dy-
namic computing resource adjustment and intelligent comput-
ing resource allocation.

Resource-aware Computing Power Scheduling: resource-
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aware computing power scheduling is a resource management
strategy in edge environments. The system will sense and mon-
itor the resource status on edge servers to intelligently allocate
computing power to meet task requirements [15], [124]. We
have listed some innovative resource-aware computing power
scheduling frameworks. Xu et al. [15] proposes COSREL,
a co-scheduling framework for efficient concurrent inference
of DNN models on heterogeneous mobile and edge devices.
COSREL utilize heterogeneous computational resources (e.g.,
CPU, GPU, etc), dynamically adjust scheduling decisions
based on system runtime, and strike a balance between la-
tency, throughput, and energy efficiency, while maintaining
the model accuracy. This resource-aware scheduling strategy
can improve availability and resource utilization, ensuring
ML/DL models run efficiently on edge nodes. The authors in
[124] delve into the modelling and optimization of computing
power resource awareness in CPNs. The proposed approach
introduces a novelty structured data model for computing
power resources and designs a dynamic scheduling algorithm
to manage resource-aware events.

Dynamic Computing Resource Adjustment: Dynamic re-
source adjustment strategy allows the edge network to adjust
the allocation of computing resources based on actual needs
dynamically [125], [126]. This means that if LLMs require
more computing resources, the system can respond promptly
and reallocate resources to meet the task’s requirements. In
practical applications, dynamic resource adjustment can be
achieved through resource management systems and auto-
mated algorithms. The system can continuously monitor the
status of tasks and resource utilization, and reallocate resources
according to pre-determined strategies. These strategies are
highly beneficial for LLMs training and inference, as these
tasks often require large amounts of computing resources
and the task load may change over time. Murakami et al.
[127] design a priority-aware guaranteed hardware resource
allocation approach to improve resource utilization and service
capacity. The proposed approach addresses inefficiencies in
previous hardware allocation by enabling dynamic reallocation
based on service demand changes. Apart from this, the authors
in [128] propose a dynamic resource orchestration model that
dynamically adjusts the computing resources assigned to given
jobs and addresses the challenge of efficiently processing data
from edge devices in the cloud-to-edge continuum.

Intelligent Computing Resource Allocation: edge networks
can use intelligent algorithms (e.g, DRL) to allocate com-
puting resources based on specific task requirements [129],
resource prediction [130] or other performance indicators.
This ensures that tasks are assigned to the appropriate edge
nodes to minimize latency and improve responsiveness. Li
et al. [129] exploits the application of asynchronous DRL
in VEC for collaborative task computing and on-demand re-
source allocation with required delay strict. The collaborative
computing framework can facilitate intelligent management of
diverse resources across vehicles, edge servers, and the cloud.
Chien et al. in [130] presents a dynamic resource prediction
and allocation solution with Edge AI for cloud radio access
networks. Specifically, they utilize long short-term memory for
dynamic throughput prediction and a genetic algorithm-based

approach for optimized resource allocation. Additionally, the
authors in [131] propose a graph-based model for dynamic
resource allocation and address the need for unified resource
management in the cloud-to-edge continuum.

3) EC for Optimizing Computing Power Trading: Edge com-
puting is emerging as a crucial enabler for the optimization of
computing power trading. By trading idle computing resources
at network edges, it can flexibly respond to fluctuations in task
demands, thus achieving greater flexibility and cost-efficiency
[132]. A typical architecture design of computing power
trading in edge-cloud computing networks can be shown in
Fig. 8. Intelligent computing power trading mechanism (e.g.,
auction/incentive mechanism) empowers stakeholders in edge-
cloud computing ecosystems, such as cloud service providers
(SPs), edge infrastructure operators and mobile users, to en-
gage more granular [133]. The following are several common
computing power trading strategies in edge-cloud networks:

Computing Resource Leasing: The LLM owners can rent
computing resources on edge devices to perform training and
inference of LLMs [134]. Users typically incur charges based
on the usage of resources or the duration of usage. This strat-
egy is suitable for users who need flexible use of computing
resources. We list some computing resource leasing works at
edge-cloud networks as follows. Chen et al. [134] propose a
trade framework EETORP that models the computing resource
between edge nodes and users by stackelberg game theory
and formulate the problem as a computing resource pricing
and purchasing game. Furthermore, Li et al. [133] exploit
a three-tier edge computing market involving edge servers,
brokers, and users. To maximize social welfare, the authors
design a pricing-based resource allocation mechanism called
MECM to allocate edge computing resources and decide
prices, facilitating efficient resource allocation in this complex
ecosystem for the benefit of all stakeholders.

Task Delegation and Service Level Agreement (SLA) Model:
Users can delegate their LLMs training or inference tasks
to the owner of edge devices or professional providers. The
equipment owner or provider is responsible for performing
the tasks and is billed for the number of tasks or work
done. In the SLA model, a contract is signed between the
user and computing resource owner or SPs that stipulates the
conditions [135], quality, and fees for LLM task execution.
Du et al. [136] exploit a blockchain (BC) aided edge market
where data service operators rent computing resources to smart
terminals, ensuring trustworthiness through a smart contract-
based trading mechanism. The authors in [137] design a
hierarchical BC-based computing resource trading scheme for
multi-access edge network slicing. They address the challenge
of efficient resource management and trading among mobile
virtual network operators by proposing a secure transaction
framework using hyperledger smart contracts.

Computing Resource Trading Platforms: There are some
resource trading platforms that enable the trading of computing
resources between users and computing resource owners.
These trading platforms (such as Amazon AWS, EdgeMicro,
Edgevana, etc) can provide market or auction mechanisms,
where users can perform tasks on different devices according
to their needs, and device owners can provide resources and
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Fig. 8. Architecture design of computing power trading in edge-cloud networks.

receive compensation. PPIO edge cloud [138] is a powerful
computing power trading platform that provides users with
efficient and customizable computing power resource manage-
ment solutions through diverse computing resource matrices
and flexible product selection. The authors propose a BC-
based cloud-edge computing power trading framework AI-
Bazaar [139]. AI-Bazaar is designed to address challenges
such as low utilization of computing power and inefficiency
in AI services management. AI consumers can rent computing
power from providers for BC mining and AI services. These
computing power trading platforms have proven that comput-
ing power utilization can be significantly improved through
trading. The strategy, scenarios, objective, benefits/challenges,
and tools/methods for edge computing power optimization are
summarized in Table IV.

C. Edge for LLM Training

Edge computing accelerates LLM training through three key
mechanisms: parallel training, leveraging parallel processing
capabilities; distributed collaboration, facilitating cooperative
efforts across diverse devices; and incremental learning, en-

abling continual model updates. This holistic approach en-
hances the efficiency and scalability of LLM training in edge
computing environments.

1) Parallel Training: Parallel training at edge computing
networks is mainly performed in the following ways: data
parallelism, model parallelism and pipeline parallelism.

Data Parallelism: Data parallelism [140], [141] allows
training data distributed across multiple edge devices. Each
device is responsible for processing part of the training data
to speed up the training process of LLMs. In the early days,
data parallelism was applied to deep neural networks (DNNs).
Liu et al. propose a hierarchical edge AI learning framework
HierTrain [140] for efficient DNN training in mobile-edge-
cloud computing environments. HierTrain utilizes a novel
hybrid parallelism method to adaptively distribute DNN layers
and data samples across edge devices, edge servers, and cloud
servers. By optimizing scheduling at both layer and sample
granularity, HierTrain significantly reduces training time and
achieves up to 6.9× speedup.

Furthermore, Li et al. in [141] focuses on optimizing
distributed model training in edge computing-enabled optical



14

TABLE IV
SUMMARY OF STRATEGY, SCENARIOS, OBJECTIVE, BENEFITS/CHALLENGES, AND TOOLS/METHOD IN TERMS OF EDGE COMPUTING POWER FOR LLMS.

Ref. Strategy Scenarios Objective Benefits/Main Ideas Tools /Method

FusionAI [119] Optimizing comput-
ing power supply

Massive consumer-
Level GPUs envi-
ronment

Improve the computing
power supply efficiency

Harnesses the computational power
of consumer-level GPUs for train-
ing and deploying LLMs.

System
design

In-Network
Pooling [120]

Optimizing Comput-
ing Power Supply CPNs Maximize the long-time

system utility

Efficiently utilize idle computing
and caching resources for resource-
hungry applications.

DRL

[128] Dynamic Computing
Resource Adjustment

Cloud-to-edge con-
tinuum

Improve the resource or-
chestration efficiency

Propose a dynamic resource or-
chestration model that dynamically
adjusts the computing resources as-
signed to given jobs

Dynamic
resource

allocation

[130] Intelligent Computing
Resource Allocation

Cloud radio access
networks

Optimize resource allo-
cation

Utilize long short-term memory for
dynamic throughput prediction and
optimized resource allocation

Genetic
algorithm

MECM [133] Computing Resource
Leasing

Three-tier edge
computing

Maximize social welfare
Allocate computing resources and
decide prices for the benefit of all
stakeholders

Pricing-based
resource allocation

mechanism

EETORP [134] Computing Resource
Leasing MEC

Minimize the total costs
of devices and maximize
the benefits of ESs

Design a trade framework that
models the computing resource be-
tween edge nodes and users

Stackelberg
game theory

AI-Bazaar [139] Computing Resource
Trading

Cloud-Edge
computing network Maximize profit

Address the challenges of comput-
ing power inefficiency in AI ser-
vices management

Multi-agent
reinforcement

learning

networks. They efficiently partition and distribute training
data among different edge nodes and propose a data par-
allelism deployment algorithm DPDA to solve the formu-
lated problem. To apply data parallelism in LLMs, Kuang
et al. in [115] implement package FS-LLM that provides
data parallelism with multi-GPU memory optimization and
CPU offloading capabilities. The authors in [142] present a
synchronous training framework DAPPLE that combines data
parallelism and pipeline parallelism for LLMs. They introduce
a novel parallelization strategy planner to optimize partition
and placement, achieving up to 3.23× speedup compared to
PipeDream’s planner. These innovation frameworks in data
parallelism offer not only parallel processing capabilities but
also innovative strategies for enhanced speed and efficiency in
handling substantial model sizes.

Model Parallelism: Model parallelism [143] allows splitting
LLMs into multiple smaller parts and distributing these parts
to multiple edge devices for parallel training. This approach
can significantly reduce the complexity of LLM training
process and the computational burden of each edge device.
Sen et al. in [143] present a distributed DL system DMP
that realizes parallel training over edge devices. Specifically,
DMP optimizes training on edge nodes by clustering them
and utilizing both heuristic and DRL-based algorithms to par-
tition DL models to edge nodes for model parallelism. Apart
from this, the authors in [144] propose a novel fused-layer-
based DNN model parallelism approach with computation
offloading by converting DNN layers into smaller ones that
enable model inference on IoT devices in MEC networks. To
reduce communication costs and improve memory efficiency,
the authors in [145] propose an adaptive and resilient model
parallelism distributed inference framework, named AR-MDI.

AR-MDI is implemented and tested on NVIDIA Jetson TX2
and can optimally allocate DNN models across edge workers.
Li et al. in [146] design a novel serving system AlpaServe that
leverages model parallelism to enable statistical multiplexing
for large DL models, which can reduce serving latency for
bursty workloads. Therefore, model parallelism proves to be
a potential solution for accelerating large-scale model training
at edge-cloud networks.

Pipeline Parallelism: Pipeline parallelism [147], [148] is
an efficient processing method for LLMs in edge networks.
Applying this approach, LLMs can be decomposed into multi-
ple sub-models or processing stages. Each stage is responsible
for performing specific tasks and can run in parallel on edge
devices. The difference between data parallelism, model paral-
lelism and pipeline parallelism is depicted in Fig. 9. Currently,
model parallelism is widely used in the training of DNN and
CNN. This paper designs a novel approach ResPipe [147]
for DNN training at network edges and employs a pipeline
parallelism learning method. Experiment on Android-based
smartphones demonstrates the proposed approach can improve
convergence rates and accuracy for CNN training. Chen et
al. present a fault-tolerant pipeline-parallel distributed training
approach FTPipeHD [148] on heterogeneous edge devices at
MEC networks. FTPipeHD enables distributed training across
diverse devices, optimizing partition points based on real-
time computing capacities, which can significantly improve
model training efficiency. In conclusion, the integration of
pipeline parallelism, exemplified by ResPipe and FTPipeHD,
demonstrates a promising avenue for the efficient processing
of LLMs in edge networks in the future. We list some related
studies on data parallelism, model parallelism and pipeline
parallelism in Table V.
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Fig. 9. Comparison of data parallelism, model parallelism and pipeline parallelism.

TABLE V
SUMMARY OF SCENARIOS, MAIN IDEAS AND PERFORMANCE IMPROVEMENTS IN TERMS OF DATA, MODEL, PIPELINE PARALLELISM OF LLMS.

Name/Ref Scenarios Main ideas Performance improvements

Data
Parallelism

HierTrain
[140]

Mobile-edge-cloud
computing networks

Utilize a novel hybrid parallelism method to
adaptively distribute DNN layers and data
samples across edge devices, edge servers,
and cloud centers

Reduce training time and achieves up to
6.9× speedup

DPDA [141] Edge computing
-enabled optical
networks

Efficiently partition and distribute training
data among edge nodes

Reduce by about 10% in terms of block-
ing rate compared with the benchmark

Model
Parallelism

DMP [143] MEC
Optimize training on edge nodes by cluster-
ing them and utilizing DRL-based
algorithms to partition DL models

DMP-H and DMP-RL can perform 29-
31%, 29-39%, and 24-36% performance
improvements in terms of training time

PSOMW [144] MEC

Propose a novel fused-layer-based model
parallelism approach by converting DNN
layers into smaller ones that enable infer-
ence on IoT devices

Reduce the DNN inference time by an av-
erage of 12.75 times compared to baseline
schemes

AR-MDI [145] Mobile-edge-cloud
computing networks

Optimally allocate DNN models across dif-
ferent edge workers

AR-MDI can reduce the processing time
by 80.2% and 44.5% as compared to
baseline schemes

Pipeline
Parallelism

ResPipe [147] MEC Employ pipeline parallelism method to re-
duce communication and storage costs.

Improve convergence rates and accuracy
for CNN training

FTPipeHD [148] MEC
Enable distributed training across diverse
edge devices, optimizing partition points
based on real-time computing capacities

FTPipeHD is 6.8 times faster in training
than the state-of-the-art method

2) Distributed Collaboration: There exists large available
idle computing resources at network edges. Edge devices
can process distributed training [149], [150] and perform
local model updates. After that, they transmit the updated
parameters to the cloud servers or other devices for global
parameter aggregation [53]. It will facilitate cooperative efforts
across diverse devices. We list some studies on distributed col-
laboration at edge-cloud environment [149], [151], [152]. Ren
et al. [151] exploit the acceleration of distributed DNN training
for both CPU and GPU scenarios to improve training speed in
wireless federated edge networks. To train ML models on data-
distributed edge nodes, Wang et al. in [149] propose a control
algorithm that optimizes the balance between local updates
and global parameter aggregation for minimizing training loss
within resource constraints and without transmitting raw data
to a central server. The authors in [152] propose a distributing
DNN training framework across IoT edge devices to reduce

the workload of cloud servers and minimize communication
traffic. They adopt a heuristic technique for creating smaller
networks on edge devices through knowledge distillation.

Building on the idea of hierarchical FL, Liu et al. in
[150] introduce an efficient client-edge-cloud hierarchical FL
to enable multiple edge servers to perform partial model ag-
gregation, which achieves faster training and communication-
computation trade-offs. In summary, these studies collectively
contribute to the optimization of ML/DL model training on
edge devices. They address the challenges related to resource
constraints, communication traffic, and training speed, provid-
ing a comprehensive perspective on the evolving landscape of
decentralized ML.

3) Incremental Learning: LLMs on edge devices can be
continuously improved through incremental learning without
re-training. This approach allows the model to be locally
updated based on new data [153]–[156], as shown in Fig.



16

Data Stream

Incremental 

Learning

Feature Extraction

& Classification

Feature Extraction

& Classification

Incremental 

Learning

Feature Extraction

& Classification

…

Incremental 

Learning

…

…

Fig. 10. Mechanism of incremental learning.

10. Gong et al. [157] exploit intelligent cooperative edge
computing in IoT networks, aiming to seamlessly integrate AI
and edge computing. The authors redesign AI-related modules
to distribute core AI functions from the cloud to edge, enabling
incremental model updates efficiently. The authors in [154]
propose a novel incremental learning framework for DNNs,
named LwS by sharing and cloning fully connected layers
and reducing training complexity and memory requirements,
enabling efficient incremental learning on edge devices that
have idle memory and computation resources.

In addition, some scholars also apply incremental learning
to other applications or problems. Bu et al. [155] design
the IHoPCM algorithm for incremental medical data co-
clustering across multiple hospitals in edge-cloud networks.
It employs DL models to analyze medical data on edge
networks, then performs incremental high-order possibilistic
c-means clustering on the cloud. Liu et al. [156] propose an
incremental clustering-assisted popularity learning algorithm
to adapt to changing trends for addressing the content caching
problem with unknown and time-varying popularity profiles.
In summary, incremental learning at the edge empowers LLMs
to dynamically adapt to evolving environments and data distri-
butions. This continual enhancement boosts real-time perfor-
mance and mitigates the need for extensive bandwidth usage,
as only updated model parameters need to be transmitted.

D. Edge for LLM Inference

In this subsection, we will introduce some common opti-
mization methods (e.g., quantization and knowledge distilla-
tion ) for LLM inference on resource-constrained edge devices.

1) Quantization: model quantization is used to convert the
weights and activation values of LLMs into low-bit integers
[158], thereby reducing computing and memory requirements
and improving inference efficiency on resource-constrained
edge devices. This method effectively reduces model size
and speeds up inference process. Common used quantitative
techniques for LLMs include: post-training quantization (PTQ)
[82], [159] and quantization-aware training (QAT) [160].

Post-Training Quantization: PTQ quantifies the trained
ML/DL model and converts the model’s floating point pa-
rameters (weights and activation values) into low-bit inte-
gers to reduce the model’s memory footprint and compute
resource usage [161], [162]. Currently, PTQ is widely used
in edge-cloud networks. Huawei Cloud develops Auto-Split
[159], a framework for collaborative edge-cloud AI by jointly

Pre-trained Model

Training

Data Calibration

Data

Quantization
Calibration

Quantization
Quantization

QAT Quantized Model PTQ Quantized Model

Retraining / Fine-tuning

QAT PTQ

Fig. 11. Comparison of PTQ and QAT.

applying model splitting with PTQ to edge DNN in edge-
cloud networks. Auto-Split can address the challenge of ef-
ficiently deploying large ML/DL models on edge devices
while maintaining high accuracy and low latency. Wang et al.
in [163] propose QuantPipe, a communication-efficient dis-
tributed edge system that employs adaptive PTQ to compress
tensors, responding to dynamic bandwidth changes in edge
environments with limited inference accuracy loss.

Many studies investigate the integration of PTQ techniques
in LLMs. Kwon et al. design AlphaTuning [164] that adopts
PTQ of the pre-trained language model and uses binary-
coding quantization to factorize parameters, freezing binary
values while fine-tuning scaling factors during adaptation. The
authors in [165] propose FPTQ, a novel fine-grained PTQ
method for LLMs. FPTQ combines the benefits of 4-bit weight
quantization and 8-bit matrix computation, addressing per-
formance degradation with layerwise activation quantization
strategies. It achieves state-of-the-art quantized performance
on standard benchmarks like BLOOM, LLaMA, and LLaMA-
2 for deploying LLMs, enabling wider real-world applications
without requiring further fine-tuning. Note that precision loss
during quantization needs to be carefully handled to ensure
that it does not impact the performance of critical applications.

Quantization-Aware Training: Unlike traditional PTQ tech-
nology, QAT operates during training and allows the model
to consider the impact of quantization while maintaining
the accuracy [162], [166]. The comparison of PTQ and
QAT is shown in Fig. 11. Several research endeavors have
demonstrated the feasibility of conducting QAT on resource-
constrained devices. Zhou et al. propose a QAT framework
Octo [160] for efficiently enabling on-device learning by
8-bit fixed-point (INT8) quantization in both forward and
backward passes. Octo shows promise for enabling tiny on-
device learning with improved processing speed and memory
reduction on commercial AI chips.

In terms of applying QAT in LLMs, Liu et al. in [167]
propose a novel framework LLM-QAT. It employs data-free
distillation leveraging pre-trained model generations, enabling
the quantization of generative models independent of training
data. The authors in [168] design GPUSQ-TLM, a compression
scheme for transformer-based language models (TLMs) that
leverages GPU-friendly fine-grained structured sparsity and
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Fig. 12. A feasible knowledge distillation solution at edge-cloud networks.

quantization. It prunes and quantizes dense TLM models by
QAT to meet GPU acceleration constraints, achieving state-of-
the-art compression with minimal accuracy loss. In summary,
QAT may increase the complexity and computational cost of
the training process. Therefore, application scenarios and re-
source constraints must be carefully considered when selecting
a suitable quantification method. We summarize the main ideas
and performance improvements of related studies on PTQ and
QAT in Table VI.

2) Knowledge Distillation (KD): Since edge servers often
have limited computing resources, deploying LLMs may face
challenges, such as memory consumption. To solve the prob-
lems, KD technology can transfer knowledge from a larger
model to a smaller model, and then deploy the smaller model
on edge devices for inference [169]. Fig. 12 shows a feasible
knowledge KD at edge-cloud networks. The teacher model
can be a larger model trained in cloud servers or data centres,
while the student model is a small model deployed on edge
devices. The goal of KD is to enable the student model to
capture the knowledge of the teacher model by minimizing
the difference between the student model’s predictions and
the teacher model’s predictions [170].

The main KD methods include: pre-training distillation
[171], [172], multi-layer distillation [173], [174] and multi-
step distillation [175]. Pre-training distillation uses a larger
teacher model (e.g., BERT, GPT) that has been pre-trained on
a large-scale dataset to guide the training of a relatively smaller
model (i.e., student model). This process aims to transfer
the knowledge of the teacher model to the student model
so that the student model approaches or matches the teacher
model in performance while maintaining a smaller model size.
The authors in [171] propose DistilBERT for efficient on-the-
edge and resource-constrained NLP applications. Through KD
during pre-training, it achieves a 40% reduction in model size,
60% faster inference speed, and retains 97% of the language
understanding capabilities of its larger counterparts. Apart
from this, Zhang et al. design an innovative task-specific KD
framework AD2 [176] for large pre-trained transformer mod-
els like BERT and GPT-3. AD2 can achieve student models
with 99.6% accuracy of teacher model while outperforming
task-specific knowledge distillation baselines by 1.2%. He
et al. in [172] propose KDEP as an alternative strategy

for efficient pre-training. KDEP leverages KD techniques to
transfer the learned feature representations from existing pre-
trained models to new student models, achieving comparable
performance to supervised pre-training.

In the evolving landscape of KD, researchers continue to
exploit innovative techniques such as multi-layer distillation
[173], [174] and multi-step distillation [98], [175] to advance
the efficiency and effectiveness of model compression. In
terms of multi-layer distillation, Javed et al. [174] propose an
efficient KD method that utilizes multi-layer feature distilla-
tion, where a single layer in the student network is supervised
by multiple layers from DNNs acting as teachers. In terms
of multi-step distillation, Jiao et al. in [175] design a novel
framework TinyBERT to distill knowledge from LLMs for
efficient natural language understanding. TinyBERT adopted
a two-stage learning framework to ensure it captures both
general-domain and task-specific knowledge from BERT. To
integrate quantification and distillation, Kim et al. in [177]
delves into KD for enhancing QAT of large Transformer
encoders like BERT. It highlights the limitations of previous
KD methods in recovering self-attention information and intro-
duces two novel KD approaches, attention-map and attention-
output losses. These endeavors underscore the dynamic nature
of KD methodologies, constantly pushing the boundaries of
model optimization in various domains.

In summary, KD can migrate the performance of LLMs to
smaller models on edge devices without sacrificing too much
performance. This helps to fully leverage the power of LLMs
in edge-cloud scenarios while avoiding excessive calculation
and memory consumption.

V. LLMS DRIVEN EDGE-CLOUD COMPUTING

In this section, we will discuss LLMs driven edge-cloud
computing (i.e., LLMs4Edges). LLMs provide powerful sup-
port for diverse edge scenes through data generation, decision-
making and personalized services. Specifically, data generation
can expand information sources at network edges, decision-
making optimizes real-time responsiveness, and personalized
services enhance user experience.

A. LLMs for Data Generation at Edges

Deploying AIGC services on edge devices can significantly
reduce transmission delay, enabling low-latency real-time re-
sponse. This is important for applications that require fast
interaction, such as augmented/virtual reality (AR/VR). LLMs
can generate customized multi-modal content based on user
needs and preferences at network edges [178]. Fig. 13 shows
the LLMs empower edge networks from the aspect of text,
image, video and scene generation.

Text Generation. LLMs play a key role in text genera-
tion applications in edge-cloud networks. They can generate
natural language text locally on edge devices for use in
intelligent chatbots, voice assistants, and localized automated
text processing. Some typical application scenarios for text
generation include: video-to-text, image-to-text or question-
answering. In video-to-text, Alibaba Group proposes Video-
LLaMA framework [179] that enables LLMs to understand
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TABLE VI
SUMMARY OF PTQ AND QAT FOR LLMS

Name/Ref Scenarios Main ideas Performance improvements

Post-Training
Quantization

(PTQ)

Auto-Split [159]
Edge-cloud
networks

Jointly apply model splitting along
with PTQ to edge DNN

Auto-Split can achieve 7% faster and 20×
smaller in edge DNN model size compared
to QDMP + mixed precision algorithm

QuantPipe [163] MEC
Employ adaptive PTQ to compress
tensors with dynamic bandwidth
changes in edge environments

Improve accuracy under 2-bit quantization by
15.85% on ImageNet

FPTQ [165] \
Combine the benefits of 4-bit weight
quantization and 8-bit matrix compu-
tation

Achieve state-of-the-art quantized perfor-
mance on standard benchmarks like BLOOM,
LLaMA, and LLaMA-2

Quantization
-Aware Training

(QAT)

Octo [160] MEC
Enable on-device learning by 8-bit
fixed-point (INT8) quantization in
both forward and backward

Octo can achieve higher system perfor-
mance over state-of-the-art quantization train-
ing methods on NVIDIA Jetson Xavier and
HUAWEI Atlas 200DK

LLM-QAT [167] \
Propose a novel approach for QAT of
LLMs by employing data-free distil-
lation

Have large improvements in low-bit settings
with LLaMA models of sizes 7B, 13B, and
30B.

GPUSQ-TLM [168] \ Prune and quantize TLMs by QAT to
meet GPU acceleration constraints

Achieve state-of-the-art compression with
minimal accuracy loss
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Fig. 13. LLMs for text, image, video and scene generation.

both visual and auditory content in videos. Video-LLaMA can
perceive and comprehend video content, generating mean-
ingful responses and corresponding text explanations, mak-
ing it a promising prototype for audio-visual AI assistants
at network edges. In question answering, Google Research
exploits the effectiveness of using LLMs for image-based
document question answering and provides valuable insights
for future endeavours that emphasize the image-to-text and
image content information in document question answering
[180].

Apart from this, some studies also attempt to generate text
from multi-modal input. This article [181] designs a novelty
LLM framework AnyMAL that effectively processes a variety
of multi-modal input modalities, such as text, image, video, au-
dio, and sensor data, and generates textual responses. AnyMAL
builds on the text-based inference capabilities of advanced
LLMs like LLaMA-2 and utilizes a pre-trained aligner module
to unify modality-specific signals into a joint textual space.
In conclusion, the use of LLMs in edge computing networks
not only enhances text generation capabilities but also opens
avenues for advanced multi-modal processing.

Image Generation. LLMs can be used for image generation

(such as landscape synthesis, art generation, etc.) at network
edges, which can achieve high-quality image creation and
improve QoS/QoE. This helps drive the development of vision
applications in edge-cloud networks. In text-to-image, this
article [182] presents a method for integrating LLMs with
image encoder and decoder models. The proposed approach
effectively utilizes an efficient mapping network to translate
LLM’s text representations into the visual model’s embedding
space, leading to improved text-to-image generation flexibility
performance. Lian et al. [183] address the challenge of com-
plex prompts in text-to-image diffusion models. It introduces
a two-stage approach, where LLM generates a scene layout
in the first stage based on a given prompt. In the second
stage, a controller guides an off-the-shelf diffusion model
for image generation, significantly improving accuracy in
generating images for diverse prompts. Baek et al.in [184]
propose PromptCrafter to facilitate the step-by-step crafting
of prompts for text-to-image generation models. Users can
iteratively explore the model’s capabilities, clarify their intent,
and refine prompts through responses generated by LLMs.

In [185], UniControl is designed to handle a wide range
of condition-to-image tasks while accommodating arbitrary
language prompts. It achieves pixel-level precision in image
generation, where visual conditions impact structures, and
language prompts guide style and context. This article [186]
proposes a novel approach that uses LLMs to extract critical
components from text, including object bounding boxes, indi-
vidual object descriptions, and background context to address
challenges in text-to-image generation with complex and de-
tailed prompts. In short, leveraging LLMs for image generation
at edges holds the potential to enhance the quality of visual
content creation while improving QoS/QoE for mobile users.

Video Generation. OpenAI releases the LLM framework
Sora that can create realistic and imaginative scenes from text
instructions. That means LLMs can be used for video gener-
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ation [187], [188] and this will help deliver a smarter video
experience for mobile users. The authors in [187] propose a
video generation framework VideoDirectorGPT for generating
consistent multi-scene videos. This framework uses LLM for
video content planning, generating scene descriptions, entity
layouts, backgrounds, and consistency groupings based on text
prompts. Hong et al. in [189] presents DirecT2V for text-
to-video generation by leveraging LLMs to generate frame-
level descriptions from abstract user prompts and using LLM
directors to separate prompts for each frame. Apart from this,
Shen et al. in [190] design Data Player for automating the
creation of dynamic data videos. Data Player achieves this
by establishing connections between visualizations and textual
input, extracting data from visuals, and leveraging LLMs to
create semantic links between text and visuals. Exploring the
intersection of edge computing and video generation, these
innovative frameworks, such as VideoDirectorGPT, DirecT2V,
and Data Player, showcase the potential of LLMs in trans-
forming textual prompts into compelling visual narratives.

Multi-modal Data Generation. LLMs can process large-
scale multi-modal data, including images, videos, text, and
audio at network edges. They provide comprehensive analytics
and insights for applications (such as intelligent monitoring
and media processing). This helps achieve more intelligent
and efficient data processing and applications, and promotes
the development of edge-cloud networks. We list some multi-
modal data generation studies as follows: Robert et al. in
[191] design an any-to-any multi-modal framework NExT-GPT
to understand and generate content in various modalities(i.e.,
text, images, videos, and audio). NExT-GPT achieves this by
connecting an LLM with multi-modal adaptors and different
diffusion decoders, making it a versatile system for handling
arbitrary combinations of modalities. The authors in [192]
achieve multi-modal image and text generation by using LLMs
and propose a novel approach named MiniGPT-5 to harmonize
vision and language outputs.

Furthermore, in [65], the authors design a Composable Dif-
fusion (CoDi) framework that is capable of producing various
combinations of output modalities simultaneously. CoDi is
not constrained to specific input types like text or images. It
achieves this by aligning modalities in both input and output
spaces, enabling it to condition on any input combination and
generate any set of modalities, even when absent from training
data. Lyu et al. in [66] presents a pioneering multi-modal LLM
framework Macaw-LLM that seamlessly integrates visual,
audio, and text data by comprising three key components:
modality module, cognitive module and alignment module.
These innovative works have demonstrated that the utilization
of LLMs for multi-modal data generation can enhance the
capacity to process diverse data types, which may foster
advanced analytics and applications at the network edges.

Scene Generation. LLMs exhibit the capability to generate
a myriad of scenes tailored for edge networks. Through
real-time sensor data analysis, LLMs possess the ability to
comprehend intricate environmental cues, subsequently pro-
ducing immersive virtual scenes or simulation environments
[193]. These generated scenarios find application in diverse
fields, including AR/VR, autonomous driving [194], and the

emerging metaverse [195]. This helps enhance perception and
improve the intelligence and interactivity of edge networks.
This article [196] proposes a novel approach 3D-LLMs, aiming
to incorporate the 3D physical world into LLMs. 3D-LLMs
are designed to handle multi-modal data and can perform
a wide range of 3D-related tasks. This work opens up new
possibilities for bridging LLMs with scene generation of
edge-cloud networks. Wang et al. design GenSim [193] for
generating simulation tasks and leveraging LLMs to create
diverse simulation environments automatically. These studies
lay the foundation for scene generation empowered by LLMs.

Apart from this, this article presents CTG++ [194], a scene-
level conditional diffusion model for realistic and controllable
traffic simulation in the context of an autonomous driving
environment at network edges. Tang et al. in [195] design
an interactive 3D generation system LI3D that leverages
LLMs for interpreting 3D layouts. The LI3D system is also
validated through multi-round interactions, demonstrating its
effectiveness in 3D/2D generation and editing, with potential
applications in the metaverse. In the realm of edge scene
generation, these advancements, including 3D-LLMs,GenSim
and CTG++, mark a transformative stride towards creating
immersive and intelligent environments. The integration of
LLMs enhances the adaptability and realism of simulations,
paving the way for innovative applications and richer user
experiences in the evolving landscape of edge-cloud networks.
We summarize the model, scenarios, parameter scale, contri-
butions or Performance and environment of text, image, video,
multi-modal data and scene generation in Table VII.

B. LLMs for Decision-Making at Edges

LLMs have been widely used as general decision-making
models at edge networks due to their advanced inference
capabilities and rich world knowledge [197]. There are often
numerous scenarios (e.g., computation offloading [22], con-
tent caching, model coordination [27], energy consumption
reduction [198], etc.) at network edges that require LLMs to
make decisions. These scenarios often need to quickly analyze
complex data and make decisions based on analysis results.

Specifically, for computation offloading, Dong et al. propose
LLM-Based offloading framework LAMBO [22], which com-
bines LLMs with MEC for edge-enhanced intelligence task
offloading systems. LAMBO includes different components of
input embedding, asymmetric encoder-decoder model, actor-
critic-based DRL, and active learning from expert feedback. In
terms of model coordination, the authors in [27] investigate the
orchestration of edge AI models, GPT is used to handle user
requests, decompose them into sub-tasks, and then allocate
these sub-tasks to the relevant edge devices and AI models
for execution. To reduce resource consumption, Zou et al.
[198] consider a scenario with multiple intelligent terminals to
reduce the total power consumption in mobile edge computing
networks. The authors evaluate the capability of on-device
LLMs in solving a wireless communication problem via GPT-
4 and show their potential in enabling end-to-end autonomous
edge networks. These frameworks [22], [27] or applications
[198] necessitate swift decision-making based on intricate data
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TABLE VII
SUMMARY OF TEXT, IMAGE, VIDEO, MULTI-MODAL DATA AND SCENE GENERATION OF LLMS FOR EDGE-CLOUD NETWORKS

Name/Ref Model Scenarios Parameter
scale Contributions or Performance Environment

Text
Generation

Video-
LLaMA [179] LLaMA Video-to-text 7B/13B

Generate meaningful responses and corre-
sponding text explanation based on video
content.

8×A100-80G
GPU

AnyMAL [181] LLaMA Multi-modal
-to-text 70B Effectively process multi-modal input

modalities and generates textual responses.
80GB VRAM

GPU

Image
Generation

UniControl [185] \ Condition
-to-image 1.44B

Achieve pixel-level precision in image gen-
eration, and language prompts guide style
and context.

Nvidia A100-40G
GPU

Scene
Blueprints [186] GPT Text-to-image \ Address challenges in text-to-image gener-

ation with complex and detailed prompts.
Nvidia A100-40GB

GPU

Video
Generation

Video-Director
-GPT [187] GPT Text-to-video \

Use LLMs for video content planning,
generating scene descriptions, entity lay-
outs, backgrounds, and consistency group-
ings based on a text prompt

8 × A6000
GPUs-48GB

DirecT2V [189] GPT Text-to-video \
Leverage LLMs to generate frame-level de-
scriptions from user prompts and separate
prompts for each frame

Nvidia RTX
3090 GPU

Multi-modal
Data

Generation

NExT-GPT [191] GPT Multi-modal 11.3B

Propose an any-to-any multi-modal frame-
work to understand and generate content in
various modalities, including text, images,
videos, and audio.

\

MiniGPT-5 [192] LLaMA Multi-modal ≥ 7B Address the challenge of multi-modal im-
age and text generation 4× A6000 GPUs

Scene
Generation

LI3D [195] LLaMA/GPT 3D/2D scene ≥ 13B Design a language-guided interactive
3D/2D generation and edition system NVIDIA RTX3090

3D-LLM [196] GPT 3D scene ≥ 11.7B

Incorporate the 3D physical world into
LLMs and opens up new possibilities for
bridging language models with scene gen-
eration

64 ×NVIDIA
Tesla V100S

analysis, showcasing the adaptability and versatility of LLMs
in edge computing environments.

Another typical decision-making scenario is the application
of LLMs in the decision-making of agents [57], [197], [199]–
[201]. Xi et al. in [57] makes a significant contribution by
presenting LLM-based agents that encapsulate components
of the brain, perception, and action. This comprehensive
approach extends the application domain to encompass single-
agent, multi-agent, and human-agent decision-making scenar-
ios, providing valuable insights. To enhance problem-solving
in IoT applications, this paper [197] proposes the GPT-in-
the-loop approach, which combines LLMs like GPT-4 with
multi-agent systems. The proposed GPT-in-the-loop approach
can enable agents to achieve superior decision-making and
adaptability without extensive training.

Furthermore, Chen et al. [199] exploits the potential of
multi-modal LLMs (MLLMs) in improving embodied decision-
making for agents. The authors prove that MLLMs has stronger
visual understanding and inference capabilities. The authors
in [200] design OlaGPT provides templates for ”Chain-of-
Thought” and design a decision-making mechanism, aiming at
enhancing LLMs problem-solving capabilities by simulating
aspects of human cognition. This study designs a novel ap-
proach LLM-Planner [201] that leverages LLMs as a planner
for embodied agents capable of executing complex tasks in

visually perceived environments. LLM-Planner uses less than
0.5% of paired training data and addresses the limitations
of data cost and sample efficiency. These studies collectively
demonstrate the versatility and efficacy of incorporating LLMs
into various decision-making scenarios.

In terms of the framework design of agent decision-making,
the authors in [202] propose a novel multi-agent decision
transformer framework (MADT). MADT can effectively in-
tegrate sequence modelling with offline and online tasks,
offering generalizable decisions that transfer across different
types of agents and scenarios. Apart from this, DeepMind
design Gato [203] to unify single-agent decision-making tasks,
multi-round dialogue and picture-text generation tasks into a
transformer-based architecture, and achieve excellent perfor-
mance on 604 different tasks, and can solve some simple DRL
decision-making problem. To implement intelligent decision-
making (IDM) systems, Wen et al. in [204] designs the frame-
work DigitalBrain (DB1) in dynamic real-world environments.
Specifically, the authors propose a foundation decision model
using the transformer to tackle decision-making tasks, en-
abling broader IDM applications. From the framework design
perspective, these advancements collectively contribute to the
evolving landscape of intelligent decision-making systems.

Case Study: To verify the powerful decision-making abil-
ity of LLMs, we design a case study of content caching
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Requirements: Suppose you are an edge controller and you have to 

make content caching and content replacement policy for edge 

servers. You should output the optimal cache revenue, content hit 

success/failure and corresponding cache list.

Detail

Requirements

If another edge server has a cache capacity of 5, its initial cache list is 

[2, 4, 5, 6, 8], where each element represents content index. Now we 

have content request list [3,5,7,4,3,6] for each time slot, please 

output the cache replacement strategy according to the FIFO principle, 

and output the cache list of the edge server at each time slot.

If an edge server has a cache capacity of 2, its initial cache list is 

empty. Now we have a content request index list [3,5,7,2,3,6] (except 

0), The cache revenue list for each content index is [3,3,2,4,2,2,5],

Please output the optimal cache revenue and the corresponding 

cache list.

Case input

Case input

Time Slot 1: Failure, 2->3, Cache list after request 3: [4, 5, 6, 8, 3] 

Time Slot 2: success, No replacement, Cache list after request 5: 

[4, 5, 6, 8, 3] 

Time Slot 3: Failure, 4->7, Cache list after request 7: [5, 6, 8, 3, 7] 

Time Slot 4: Failure, 5->4,Cache list after request 4: [6, 8, 3, 7, 4] 

Time Slot 5: success, No replacement, Cache list after request 3: 

[6, 8, 3, 7, 4] 

Time Slot 5: success, No replacement, Cache list after request 6: 

[6, 8, 3, 7, 4] 

The optimal cache revenue is 9 and the corresponding cache 

list is [2, 7]. The calculation process is as follows:

If the edge server caches content 2, content 2 is requested 2 

times and it will get cache revenue 2*2=4. The cache revenue 

for content 7 is 5, the total cache revenue is 4 + 5 = 9.

Prompt

Fig. 14. A case study of LLM for content caching and replacement of edge networks. The grey text denotes the task description, and the orange text and
blue text represent the scenario of content caching and replacement, respectively.
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Fig. 15. Adapt LLMs to downstream personalized services with domain-
specific knowledge embedding.

and replacement of edge networks based on GPT-4/3.5. As
shown in Fig. 14, the grey text denotes the task description,
and the orange text and blue text represent the scenario
of content caching and replacement, respectively. We enable
GPT to function as an edge controller, and make content
caching/replacement policies for edge servers. In experiments
with content caching, we set the cache capacity of the edge
server as a constant value and give the content request index at
each time slot. With this given information, the edge controller
outputs the optimal cache revenue and the corresponding cache
list. We find that if we give GPT accurate prompt words, it can
make precise content caching strategies for me. Similarly, we
provide the GPT with cache capacity and content request list,
the GPT also returns the precise content replacement strategies
and cache list at each time slot.

C. LLMs for Personalized Service at Edges

Deploying LLMs at network edges allows for the harnessing
of their capabilities in delivering personalized services and
generating personalization models [205], [206].

One feasible way for personalized service is to embed
domain-specific knowledge into LLMs [207]–[209], as shown
in Fig. 15. This approach allows LLMs to seamlessly integrate
domain expertise, enhancing their ability to provide personal-
ized services. By embedding specific knowledge relevant to
the domain’s context, these LLMs can cater to individualized
needs, delivering more precise and tailored assistance in real-
time. This article [209] proposes KITLM, a novel approach for
integrating domain-specific knowledge into LLMs to enhance
their performance in question-answering tasks. By infusing rel-
evant knowledge, KITLM achieves a significant performance
boost while reducing the model’s size requirements. This
approach provides the possibility to implement personalized
services at network edges.

In industrial applications scenarios, Amazon [210] proposes
an approach named domain prompts for efficient domain adap-
tation of automatic speech recognition systems. The proposed
approach trains a small set of domain embedding parameters
to prime transformer-based LLMs for a specific domain, which
update only 0.02% of the base LLM parameters without alter-
ing the base model architecture. Wen et al. propose MindMap
[211] to enhance LLMs incorporation of new knowledge and
intelligent decision-making. The proposed prompting pipeline
integrates knowledge graphs to engage LLMs with up-to-date
knowledge, facilitating reasoning pathways generation. In the
context of injecting domain-specific knowledge into LLMs,
these approaches [209]–[211] contribute to a paradigm shift
in advancing model capabilities.

Besides, the collaborative approach [212] between LLMs
and small models can also be used to provide personalized
services. This collaboration paradigm leverages the strengths
of both LLMs and smaller models to offer personalized
services effectively on mobile devices. The amalgamation
of comprehensive knowledge from LLMs with the computa-
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Requirements: Suppose you are an excellent movie recommendation 

system and you have to choose A, B, or C from a list of movie 

recommendations. 

Output Format: Movie A , B or C

Detail

Requirements

This is a user’s movie viewing history: Psycho,  Rear Window, Dial M 

for Murder, Vertigo, Spellbound. Based on this viewing history, which 

movie this user might prefer? Answer Choices:(A)The Godfather, (B) 

North by Northwest, (C) First Blood

This is another user’s movie viewing history: Die Hard, The Dark 

Knight, Mad Max: Fury Road, Terminator 2:Judgment Day, Inception, 

Mission: Impossible - Fallout. Based on this viewing history, which 

movie this user might prefer? Answer Choices: (A)The Matrix, (B) 

March of the Penguins, (C) An Inconvenient Truth

Case input

Case input

Movie B.  Considering the user's viewing history, the 

user might prefer North by Northwest. This Alfred 

Hitchcock classic aligns well with the suspenseful 

and thrilling themes seen in their previous movie 

choices.

Given the user's preference for action films, the 

user might prefer The Matrix. It aligns more closely 

with the high-intensity and action-oriented themes 

present in their previous movie choices.

LLM(GPT-3.5)

Prompt

Output

Fig. 16. A case study of LLM for personalized service at network edges. The grey text denotes the task description and requirements, and the orange text
and blue text represent two movie recommendation scenes, respectively.

tional efficiency of smaller models ensures a responsive and
personalized user experience, optimizing resource utilization
for mobile users. Vernikos et al. in [212] propose approach
involves using a smaller model, LM-corrector (LMCor), to
refine LLM-generated outputs by ranking, combining, and
rewriting candidates. This collaboration between large and
small models shows that even a small model LMCor signif-
icantly can also enhance the performance of LLMs across
various tasks, and offer robustness to different prompts for
improved performance. Another work, this article [213] inte-
grates generative LLMs with domain-specific small models
for personalized recommendation. The proposed approach
introduces an information-sharing module as a bridge, fa-
cilitating collaborative training between LLMs and domain-
specific small models. This collaborative approach provides
convenience for LLMs to adapt to downstream tasks.

In terms of collaboration between LLMs and small models
at edge-cloud networks, the authors in [27] propose an au-
tonomous edge AI system with a hierarchical architecture that
deploys GPT in cloud servers and other AI models on edge
devices or edge servers. The system efficiently coordinates AI
models to meet users’ personalized demands and generates
code for training new models through edge FL.

Recommendation systems are another way to implement
personalized services at the edge-cloud networks. It leverages
user preferences and behavior patterns to generate personalized
recommendations, tailoring content or services to individual
needs. By deploying LLMs at network edges, personalized
content recommendations and context-aware interactions can
be seamlessly integrated [22], [214]. Recently, the integration
between edge-cloud computing and recommendation systems
has been fully studied [215], [216]. Edge-cloud computing
with LLMs provides new possibilities for personalized services
for mobile users. LLMs can implement more intelligent and
personalized recommendations on edge devices and provide
users with customized experiences [217].

We list some studies about the integration between LLMs

and recommendation systems as follows. This paper [218]
exploits the integration of ChatGPT/GPT4 in Recommen-
dation systems to overcome limitations faced by traditional
DNN models. It provides a comprehensive review of LLM-
empowered Recommendation systems, covering aspects like
pre-training, fine-tuning, and prompting. In [219], the authors
propose LLM-Rec and exploit various prompting strategies to
enhance personalized recommendation performance by using
LLMs. The authors in [220] propose InteRecAgent that com-
bines the strengths of LLMs and Recommendation models to
create an interactive Recommendation system. By using LLMs
as the brain and Recommendation models as tools, it bridges
the gap between domain-specific recommendations and versa-
tile conversational interactions. In addition, this article [221]
proposes a novel approach for personalized recommendations
using LLMs by extracting and fusing knowledge from hetero-
geneous user behavior information.

In addition, some scholars have also conducted research
on LLMs promoting edge personalized services from other
aspects [84], [222]. Yang et al. design a novel edge-cloud
cooperative system EdgeFM [222] for effectively utilizing
foundation models (FMs) on resource-limited IoT devices.
EdgeFM selectively uploads unlabeled data to query FMs on
the cloud, customizing knowledge for edge models. Evaluation
results demonstrate that EdgeFM reduces latency by up to
3.2× and achieves a 34.3% accuracy improvement compared
with baseline schemes. Chen et al. propose a native AI network
architecture NetGPT [84] for provisioning personalized gener-
ative services. NetGPT efficiently deploy LLMs (e.g., GPT-2
and LLaMA) based on computing capacity in collaborative
edge-cloud networks. In addition, NetGPT emphasizes the
integration of communication and computing resources and
highlights its potential for intelligent network management
and orchestration by harnessing edge LLMs’ trend prediction
and intent inference capabilities. These innovative approaches
in LLMs research contribute significantly to the evolution of
personalized services at edge computing networks.
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Case Study: We demonstrate the powerful ability of LLMs
to provide personalized services through movie recommenda-
tions. As shown in Fig. 16, the grey text denotes the task
description and requirements, and the orange text and blue
text represent two movie recommendation scenes, respectively.
GPT provides insights into user likes and preferences to
tailor unique movie recommendations to each user, improving
the overall user experience. By analyzing the user’s movie
viewing history, rating records, preference tags and other
information, they can accurately predict the types of movies
that the user may like, making the recommendation list more
in line with the tastes of individual users, and providing users
with more personalized and satisfying movie viewing. In the
first scenario, based on the user’s movie viewing list, GPT
found that the user is likely to like Hitchcock’s movies, so it
recommend North by Northwest. In the second scenario, GPT
recommended the action movie ”The Matrix” based on the
type of movies the user liked to watch recently.

VI. APPLICATIONS OF LLMS AT EDGES

In this section, we will introduce the applications of LLMs
at the edges of networks, as shown in Fig. 17. We discuss
autonomous driving, smart healthcare, smart factory and in-
telligent anomaly detection systems with LLMs.

A. Autonomous Driving

LLMs can optimize the perception, decision-making [223],
[224], optimize vehicle control [225], scene understanding
[226], route planning [227], [228] and improve driving ex-
perience [229] for autonomous driving at network edges
[230]. Specifically, Sha et al. in [223] use LLMs as decision-
makers in autonomous driving systems to enhance understand-
ing of high-level information and rare events, while ensur-
ing interpretability. The authors propose cognitive pathways
for comprehensive inference and translate LLM decisions
into actionable driving commands. In [225], the authors de-
velop an interpretable end-to-end autonomous driving system
DriveGPT4 that utilizes LLMs to interpret vehicle actions and
answer user questions for enhanced interaction. It also predicts
low-level control signals, all facilitated by a custom visual
instruction tuning dataset. The authors in [227] design GPT-
DRIVER that transform the OpenAI GPT-3.5 model into a
motion planner for autonomous vehicles. Through a prompt
fine-tuning strategy, GPT-DRIVER can provide highly precise
trajectory coordinates and explain its decision-making process.
In [228], the authors propose a unified autonomous driving
(UniAD) framework, which combines perception, and route
planning into one comprehensive LLM.

B. Smart Healthcare

The utilization of LLMs plays a crucial role in smart
healthcare by facilitating real-time analysis of medical data
[231], [232], safety assessment [233], and diagnostic assis-
tance [234], [235]. These applications collectively contribute
to enhancing the efficiency and quality of medical care in edge
networks [236]. Li et al. in [231] adopt LLMs to achieve

automatic segmentation and recognition of various types of
images in medical image analysis, thus achieving the goal of
assisting doctors in making sensitive and accurate diagnoses.
The authors in [232] propose a multi-modal image translation
model based on two steps. Specifically, the first step is to
detect abnormal areas, and in the second step, LLM generates
corresponding text and translates images into an interpretable
language description. Apart from this, the study [234] designs
a plug-and-play medical dialogue system PlugMed that en-
hances LLMs for medical conversations without fine-tuning.
The study [235] addresses the limitations of LLMs in medical
question answering. It proposes a model editing approach
that utilizes in-context learning to enhance LLM responses
without requiring fine-tuning. The proposed strategy involves
retrieving medical facts from external knowledge bases and
incorporating them into the query prompt for LLMs.

C. Smart Factory

LLMs can be widely used in smart factories to optimize pro-
duction planning, real-time monitoring and achieve predictive
maintenance at network edges. Freire et al. in [237] exploit the
potential of harnessing LLMs, such as GPT-3.5, for cognitive
assistants in smart factory to enhance knowledge transfer and
worker performance in manufacturing [71]. This is a mean-
ingful attempt to apply LLMs to intelligent manufacturing. In
addition, LLMs are also used in the control of factory robots
(e.g., planning control [238], [239], human-robot interaction
[240]). This article [238] design LLM-Brain that utilizes LLMs
as a unified robotic brain, integrating egocentric memory and
control in embodied AI systems. The framework employs
multi-modal LLMs for robotic tasks, facilitating communica-
tion across perception, planning, control, and memory through
natural language dialogues. The authors in [239] enhance
autonomous robotic manipulation by integrating LLMs for
logical inference. The proposed framework leverages LLMs
to convert high-level commands into executable motion func-
tions, combining them with YOLO-based environmental per-
ception. This allows robots to make informed decisions based
on provided commands autonomously.

D. Intelligent Anomaly Detection System

In edge environments, diverse anomalies like semantic aber-
rations [241], industrial anomalies [242], [243] and network
intrusions [244] pose huge challenges. LLMs prove effective in
addressing these issues through advanced pattern recognition
and anomaly detection capabilities. This article [241] exploits
the application of LLMs for semantic anomaly detection in
robotic systems, addressing edge cases or failures caused
by deficiencies in semantic reasoning. The authors design
HuntGPT [244] that incorporates a GPT-3.5 Turbo and random
forest classifier, delivering robust and explainable intrusion
detection, and offering an interactive AI solution for incident
responders. Apart from this, there is also some research on
anomaly detection based on system logs. The study introduces
a log-based anomaly detection framework LogGPT [245] that
utilizes the language interpretation capabilities of ChatGPT to
address challenges in high-dimensional, noisy log data. This
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Fig. 17. Applications of autonomous driving, smart healthcare, smart factory and intelligent anomaly detection system with LLMs at edge-cloud networks.

article [246] exploits the potential of utilizing LLMs for log-
based anomaly detection in parallel file systems, addressing
issues in traditional techniques such as the reliance on expert-
labeled logs. Therefore, LLMs have emerged as essential tools
in defect detection, showcasing notable effectiveness within
this domain.

VII. RESEARCH CHALLENGES AND FUTURE DIRECTIONS

In this section, we will discuss the research challenges and
future directions from the aspect of model collaboration, adapt-
ing LLMs to edge-diverse scenarios and computing power
resource optimization of LLMs at edge-cloud networks.

A. Model Collaboration

In the context of collaboration between LLMs on cloud
servers and small models at network edges, model collabo-
ration faces a series of challenges. These challenges involve
many aspects such as heterogeneous model design, communi-
cation overhead, real-time and low-latency requirements.

First, regarding heterogeneous model design, there may be
architectural and feature differences between LLMs and small
models on edge devices [213]. Many researchers use methods
such as transfer learning (TL) and feature distillation to
transfer knowledge between LLMs in cloud servers and small
models at network edges. However, heterogeneity between
different models can lead to differences that are difficult to
resolve, requiring more sophisticated TL methods or feature
distillation techniques. In some scenarios, a small model may
not capture all the information in a larger model.

Second, from the perspective of communication overhead,
transmitting data or model parameters between LLMs and
small models can result in an unbearable communication over-
head, especially in resource-constrained edge environments
with limited network bandwidth. Some authors use model
compression techniques, including model pruning [247], quan-
tization [161], distillation [173], etc., to reduce model size and
computational complexity. However, these model compression
strategies may lead to model performance degradation, and
thus a trade-off needs to be carefully investigated between

model compression and training/inference performance. Addi-
tionally, some common model compression methods may not
be suitable for all types of models.

Finally, considering real-time and low-latency requirements,
many edge applications have strict delay requirements and
the computational complexity of LLMs can lead to extended
inference latency. Some technology companies use hardware
accelerators, optimization algorithms, or selective loading
and unloading of models to meet real-time and low-latency
needs. Despite employing hardware acceleration and algorithm
optimization, the computational complexity of LLMs may
pose challenges in meeting strict real-time and low-latency
requirements under certain extreme conditions.

Therefore, the future research direction of LLMs and edge-
cloud computing can be considered from the following three
aspects: i) Collaborative optimization and balance: How LLMs
and small models be effectively coordinated between cloud
servers and edge devices to ensure an effective balance be-
tween performance and resource utilization; ii) Performance
optimization: Transferring data between the cloud servers and
edge devices may be affected by communication bandwidth,
especially when edge network conditions are poor. How to
achieve seamless integration of LLMs and small models to
provide an end-to-end smooth user experience, while con-
sidering the heterogeneous model design; iii) Model design
under resource constraints: Edge devices are often constrained
by computing and storage resources. How to design small
models that accommodate these constraints and ensure their
effectiveness in working together with LLMs in the cloud.

B. Adapt LLMs to Edge Diverse Scenarios

When applying LLMs to edge diverse scenarios, there exist
some potential research challenges: data heterogeneity and
scarcity, as well as the long-term adaptability of LLMs.

To solve the problem of data heterogeneity and scarcity,
some researchers have designed domain adaptation methods
in the training process to make LLMs better adapt to the
specific data distribution at different edge scenarios. However,
edge scenarios may involve diverse fields, making domain
adaptation more difficult, especially when the data distribution
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changes rapidly. In addition, some studies have also tried to
use meta-learning methods [248] to enable LLMs to adapt to
new tasks or data distributions, thereby mitigating the impact
of data scarcity. However, meta-learning methods may also
overfit a specific task in some cases, resulting in insufficient
generalization in real-world scenarios.

To address the challenge of ensuring the long-term adapt-
ability of LLMs in diverse edge scenarios, some researchers
have exploited various approaches. One key strategy involves
the implementation of online learning techniques, allowing the
model to continuously receive and adapt to new data over
Qtime. This enables the LLMs to stay relevant and effective
in dynamic edge environments where the data landscape
evolves. However, in online learning, the model may forget
previously learned knowledge. Therefore, it is necessary to
design effective memory mechanisms or incremental learning
algorithms. Additionally, data distribution may change over
time, leading to concept drift. It is necessary to design methods
to detect concept drift to ensure long-term adaptability.

Therefore, investigating the issue of data heterogeneity and
scarcity, and the long-term adaptability of LLMs at edge-cloud
networks is becoming a future research direction. Specifically,
i) Data heterogeneity and scarcity: Data in different edge
scenarios may be heterogeneous [249], including structured
and unstructured data, real-time and offline data, etc. How
can LLMs better adapt to this heterogeneity and improve their
generalization ability; Besides, in some edge scenarios, there
is very limited training data [250]. How LLMs can be tailored
to mitigate the impact of data scarcity in these specific edge
scenarios, ensuring robust performance. ii) Ensuring long-
term adaptability: In a dynamic landscape of emerging edge
scenarios, it is imperative to design LLMs that exhibit endur-
ing adaptability. The rapid evolution of edge-cloud computing
imposes new challenges and opportunities, requiring LLMs
to stay relevant over the long term. How to design LLMs
to maintain long-term adaptability and cope with the rapid
evolution of emerging edge scenarios.

C. Computing Power Resource Optimization

LLMs face many challenges in edge-cloud networks, in-
volving computing power supply, adjustment and trading.

First, unbalanced computing power supply: the computing
capabilities of edge devices may vary greatly. That is, some
devices may have abundant computing resources while oth-
ers may be restricted. Some studies use dynamic allocation
mechanisms to intelligently adjust computing power allocation
by monitoring the status and load of edge devices [15].
However, in large-scale edge networks, real-time monitoring
and adjustment of computing power allocation may lead to
large system overhead. At the same time, there may be some
devices that are unwilling or unable to share their real-time
status, resulting in incomplete information.

Secondly, dynamic computing power adjustment: the edge
environment may change at any time, and how to dynamically
adjust computing power to adapt to different network condi-
tions and device status is challenging. Some scholars have
developed adaptive algorithms that can automatically adjust

the allocated computing power according to changes in the
edge environment [125], [128], such as dynamic adjustments
based on task generation rate, device load, etc. However,
rapid changes in edge environments may result in algorithm
insensitivity or untimely adjustment processes. Besides, too
frequent adjustments may cause resource jitter and instability.

Thirdly, unfair computing power trading: There may be mul-
tiple entities providing computing power in edge-cloud net-
works, and the trading and management of computing power
involve the collaboration of multiple parties. BC technology
may bring large delays and high computational overhead
[251]. The design of smart contracts also requires caution,
as it is difficult to ensure completely fair, transparent and
efficient trading. In addition, in terms of the flexibility and
elasticity of computing power trading, LLMs may need to run
on different devices and network conditions. How to achieve
flexibility and elasticity in computing power trading is also
a challenge. Containerization and virtualization technologies
can enable some LLMs to run on different edge devices [54].
However, it also brings certain performance overhead, and not
all edge devices can easily support these technologies.

Based on these, we need to design computing power op-
timization strategies systematically. We can conduct research
from aspects of the architectural level and sustainability level
in the future. i) New architecture and algorithm design:
Faced with the increasing demand for computing power, new
computing power architecture and trading algorithm design
have become crucial. It is significant to explore some possible
innovations in computing power network architecture in the
future to improve the computing efficiency of LLMs. ii)
Energy efficiency and sustainability: The increasing size of
LLMs also creates challenges in terms of computing power
efficiency and sustainability. The number of parameters of
some LLMs has reached tens of billions or even hundreds of
billions (e.g., LLAMA2-70B and GLM-130B). Reducing the
consumption of computing resources while maintaining high
performance is an urgent problem that needs to be solved.

VIII. CONCLSION

In this survey, we provide a comprehensive overview of
the integration of edge-cloud computing and LLMs, seeking
to harness their synergistic potential for a harmonized and
advanced computing methodology. Specifically, We introduce
the characteristics, development and life-cycle of LLMs at
first. Then, we discuss the paradigms of edge-cloud computing
and edge AI hardware for the training and inference of LLMs.
After that, we focus on exploring the bidirectional symbiotic
relationship between edge-cloud computing and LLMs from
two key aspects: edge-cloud computing empowered LLMs,
i.e., Edge4LLMs and LLMs driven edge-cloud computing, i.e.,
LLMs4Edge. Then, we give some practical applications of
LLMs in different edge-cloud scenarios. Finally, we highlight
open issues and future directions to implement intelligent
integration of edge-cloud computing and LLMs. We hope that
this article will motivate further research on the synergy of
edge-cloud computing and LLMs, and offer some guidance in
future studies.
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