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Abstract—The accelerating advancements in Generative Artificial Intelligence (GenAl) have led to an unprecedented
surge in data creation on the Internet, posing challenges to current computing and communication frameworks. GenAl,
a distinct category of Al, generates content akin to human creations. Currently, GenAl services heavily rely on
traditional cloud computing, resulting in high latency due to data transmission and a surge in requests. In response,
the integration of edge-cloud computing emerges as an attractive paradigm, offering computation power and low
latency through collaborative systems. This research paper provides a comprehensive overview of the intersection
between GenAl and edge-cloud computing. We delve into recent developments in both domains and examine technical
challenges through the lens of two exemplary GenAl applications. Introducing an innovative solution, we propose the
Generative Al-oriented synthetical network (EcoGen), a collaborative cloud-edge-end intelligence framework. EcoGen
facilitates bidirectional knowledge flow, allowing GenAl's pre-training to provide foundational knowledge for Edge
Intelligence (EI), while EI aggregates personalized knowledge for GenAl. The framework leverages data-free
knowledge relay to buffer contradictions, enabling virtuous-cycle model fine-tuning and task inference. Importantly,
we incorporate a detailed analysis of the energy efficiency and environmental sustainability aspects of deploying
Generative Al systems at scale, particularly in edge computing. Strategies to optimize energy consumption and reduce
the carbon footprint are explored, contributing to a more sustainable Al ecosystem. Experimental results demonstrate
the effectiveness of EcoGen in achieving seamless fusion and collaborative evolution between GenAl and EI. The paper
concludes by outlining design considerations for training and deploying GenAl systems at scale and pointing towards
future research directions, emphasizing the imperative of sustainable Al practices.

Index Terms—Generative Artificial Intelligence, Energy Efficiency, Edge-Cloud Computing, Hybrid Federated Split
Learning, Integrated Fine-tuning.

L INTRODUCTION

The field of Generative Al (Gen Al) has surfaced as an innovative domain aimed at achieving Artificial General
Intelligence (AGI) through the fusion of machine learning techniques and creative content generation methods.
Gen Al represents a specific branch of Al that seeks to autonomously produce novel content across various
mediums, such as images, audio, text, and even three-dimensional objects, mirroring human-generated content
[1]. The rapid advancement of Gen Al has led to the proposal and widespread adoption of diverse applications,
including text-to-image generation, text-to-speech synthesis (TTS), chatbots, and Al-powered virtual reality
experiences [2,3]. However, the extensive size of most Gen Al models and their high computational requirements
necessitate a robust centralized computing infrastructure, typically in the form of cloud servers, to handle user
requests. Consequently, users may encounter significant delays in processing, particularly during periods of high
traffic volume. Such limitations pose challenges for deploying Gen Al models in applications that demand low-
latency responses at scale. Additionally, the substantial energy consumption associated with centralized cloud
computing raises concerns about environmental sustainability and cost efficiency. In response to these challenges,
the proliferation of mobile devices and the exponential growth of data-intensive applications have catalyzed the
development of edge-cloud computing solutions. Edge-cloud computing leverages the computational power of
cloud servers and the efficient data management and communication capabilities of edge servers, offering a
promising solution for consumer-oriented Al applications and edge intelligence. Notably, this approach enables
the deployment of large Al models within the edge-cloud computing ecosystem [4]. In contrast to traditional cloud
computing, which primarily focuses on computation within cloud servers, and multi-access edge computing
(MEC), which prioritizes computation at the edge servers, edge-cloud computing capitalizes on the collaborative
potential between cloud and edge resources. By harnessing a combination of cloud and edge resources, edge-
cloud computing can effectively utilize computational resources while minimizing latency, thus enhancing the
performance and scalability of Gen Al applications.



In contrast to the centralized approach of Generative Artificial Intelligence (GAI) utilizing large-scale parameters,
Edge Intelligence (EI) tends to deploy adaptable lightweight models closer to end-users, thus aligning
computational intelligence with distributed terminal data [19]. A recent analysis forecasts a surge in Internet of
Things (IoT) devices, estimating 30.9 billion connections by 2025, with data volume projected to soar to nearly
79.4 Zettabytes (ZB) [20]. Moreover, ongoing advancements in chip integration technologies, including Central
Processing Units (CPUs) and Graphics Processing Units (GPUs) within mobile terminals, continually reduce
power consumption costs, empowering terminal devices with sufficient computing capabilities for lightweight Al
model training and inference [21]. Consequently, with the proliferation of edge data and the augmentation of
computing power in terminal devices, the forthcoming BSG and 6G era is poised to witness a paradigm shift in
network architecture, transitioning from the Internet of Everything to the Intelligence of Everything. In this
evolution, native Al functionalities will migrate from remote cloud servers to the network edge [22]. Nevertheless,
despite El's proximity to terminals, the constrained model scale results in a dearth of prior knowledge,
undermining the effectiveness of edge training and inference. Consequently, the combination of GAI and EI offers
synergistic advantages, fostering new avenues for growth. By leveraging personalized knowledge through
fragmented computing resources, EI can mitigate GAI's challenge of limited public data availability and bridge
the gap between computational intelligence and end-users. Simultaneously, GAI can furnish EI with pre-trained
foundational knowledge, serving as a robust baseline to expedite learning convergence and enhance inference
performance [23]-[32].

II. RELATED WORK

The rise of ChatGPT has sparked widespread interest in Generative Al (GenAl), an Al technology capable of
producing diverse multimedia content [5]. The historical progression of generative Al can be delineated into three
distinct phases: 1) the Variational Autoencoder (VAE) and Generative Adversarial Network (GAN) era spanning
from 2014 to 2017, 2) the Transformer era from 2018 to 2019, and 3) the current epoch characterized by the
dominance of large-scale models from 2020 onwards [6]. The inception of the Variational Autoencoder (VAE)
dates back to its proposal in [7], subsequently spawning various iterations aimed at enhancing content quality,
accommodating different levels of supervision, and refining inference efficiency [8,9,10]. VAEs operate as
probabilistic generative models, featuring an encoder-decoder architecture where the encoder maps inputs to
vectors in a latent space, and the decoder reconstructs latent vectors into outputs within the input space. During
training, network parameters are optimized to minimize the discrepancy between generated and input data.
Introducing noise to latent vectors enables the decoder to produce multiple output samples with distributions akin
to input samples. Similarly, Generative Adversarial Networks (GANs) employ dual networks during training while
retaining only one during inference [11,12]. Consisting of a generator and a discriminator, GANs undergo a
training regimen where the generator progressively generates synthetic data mirroring real data distributions to
deceive the discriminator. Conversely, the discriminator aims to discern between genuine and synthetic data
instances as effectively as possible [13].

Models for Natural Language Generation (NLG) aim to produce text responses that mimic human-like language.
These models find applications in various domains such as neural machine translation, question answering, and
document summarization [14]. They are often referred to as Language Models (LMs) [15]. In recent times,
transformers equipped with self-attention mechanisms have emerged as a groundbreaking advancement in
constructing robust LMs [16]. Transformers have supplanted long short-term memory (LSTM) networks as the
preferred architecture for LMs, ushering in a new era of Large Language Models (LLMs) [17]. While the encoder
component of transformers employs bidirectional information propagation to comprehend input text, the decoder,
prevalent in most transformer architectures, generates words sequentially. This type of decoder is commonly
known as an autoregressive decoder. With the rise of transformers, there is a trend towards increasingly larger
generative models. In the past couple of years, efforts have been directed toward amalgamating diverse models to
create even larger and more potent variants.

Table 1. Evaluation of performance provisions of 3 computational resources, namely user devices, edge servers,
& cloud servers.

Resources User Devices Cloud Servers Edge Servers
Memory >24TB ~500GB <64GB

Dist Storage >25PB <1PB <10TB
Latency (RTTs) 30 ~ 50 ms <10ms -

Power (per year) >2,000TWh ~7,500KWh ~600KWh



Concurrent >500,000 ~1,000 1
Connections

With abundant computational resources, cloud servers are capable of storing and executing large-scale models to
handle complex tasks efficiently. Conversely, edge devices typically handle lower-level preprocessing tasks. The
advent of 5G/IoT marks a new phase for Artificial Intelligence and Generative Computing (AIGC). It is no longer
adequate to centralize all computations and data storage solely within cloud servers or data centers. Similarly,
relying solely on Al computation with edge servers and user devices proves impractical as AIGC data expands
rapidly. Deploying large deep-learning Al models at the edges presents challenges. Recently, an alternative
approach known as green learning methodology [ 18] has been proposed as a substitute for deep learning. Green
learning Al models feature smaller sizes, reduced computational complexity measured in FLOPs (Floating Point
Operations), faster inference times, and lower power consumption demands. Consequently, green-learning Al
models pave the way for edge servers and even user devices to offload tasks from cloud servers, opening new
avenues for collaboration between edge and cloud servers. Hybrid solutions that combine deep and green learning
align well with the edge-cloud computing paradigm. GenAl, with its unique mission to process low-level data and
aggregate high-level abstractions to generate creative content, stands to benefit greatly from the collaboration
between edge and cloud servers. Recently, Meta unveiled a supercomputing cluster boasting extensive
computational resources, capable of achieving five exaflops (five billion calculations per second) using 16,000
Nvidia A100 GPUs for training cutting-edge GenAl models. These servers are interconnected via an NVIDIA
Quantum InfiniBand fabric network with a bandwidth of 16 Tb/s, ensuring minimal latency in data
synchronization. However, such computational scale remains beyond the reach of most companies and academic
institutions. Consequently, there's a growing interest in designing scalable GenAl systems utilizing reasonable
computing clusters to perform similar tasks. Edge-cloud computing holds promise in this regard, as it can leverage
expandable computational resources that are underutilized and situated closer to users.

II1. RESEARCH METHODOLOGY

The concept of parameter-efficient fine-tuning has garnered significant attention in research, particularly
concerning the efficient retraining of domain-specific models. Initially, we delve into the practice of parameter-
efficient fine-tuning through prompt tuning. Subsequently, employing a similar principle, we introduce the notion
of parameter-efficient inference from a communication standpoint. This approach entails transmitting only small-
scale tuneable modules while maintaining the backbone with large-scale parameters frozen. Consequently, this
strategy mitigates the communication overhead associated with parameter transmission.
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Fig. 1. The architecture of the proposed GenAl systems with the edge-cloud computing paradigm model.



Fig. 1 illustrates the architecture of the proposed model, a collaborative cloud-edge-end intelligence framework
for GAI model fine-tuning, which consists of foundation models deployed on cloud servers, domain-specific
models deployed on edge servers, and lightweight models deployed in 6G terminal clients. This model is built
upon the collaborative cloud-edge-end intelligence framework and the D2D communication framework. After
segmentation, the tuneable modules of the edge model are transferred to the client cluster, where the embedding
layer is deployed at the start point and its output is os = [x0, E0], while the MLP head layer is deployed at the
end point, and the output (i.e., the final classification result) is defined as oe = c|c €Y , where the alphabet
Y = y1,y2,---,y|Y| represents the label space, such as the set of classes in object classification or recognition
tasks. In addition, the middle NTM Transformer layers are deployed on the remaining clients of the cluster.

The Federated Learning (FL) framework is employed to facilitate cross-domain distributed learning between a
central cloud service and multiple edge servers. In this setup, the cloud server leverages large-scale unlabelled
datasets and extensive computing resources for full-model pre-training, thereby imparting generalized
foundational knowledge to the Generative Artificial Intelligence (GAI) Full Models (FMs). This knowledge is
subsequently transferred to the domain-specific models on the edge servers during the cloud model delivery
process. Simultaneously, the edge server aggregates personalized knowledge acquired from distributed terminal
clients to derive domain-specific knowledge. This domain-specific knowledge is then conveyed to the FMs of the
cloud server during the edge model parameter uploading process, thereby enhancing the FMs' ability to generalize
across domains. Consequently, the bidirectional flow of knowledge between the cloud and edge subnets forms a
beneficial closed loop between the FMs and domain-specific models. Given the sparse data availability on edge
servers and clients' concerns regarding privacy and resource limitations, an approach is devised to maximize the
utilization of distributed clients' data and computing resources. This involves employing lightweight models on
clients to collectively undertake model fine-tuning based on hierarchical federated semi-supervised learning
(HFSL), as well as task inference based on supervised learning (SL). The edge server facilitates this process by
associating domain-specific clients with cell-free networking, furnishing them with domain-specific foundational
knowledge acquired from the cloud server and fine-tuned based on domain data. Concurrently, personalized
knowledge gleaned from clients' local data is gathered to acquire new domain-specific knowledge. Consequently,
the bidirectional flow of knowledge within the edge-end subnet establishes a mutually beneficial closed loop
between the edge domain-specific model and the lightweight models on terminals.

Edge servers play a pivotal role within the metaverse system, akin to their function in content delivery networks
(CDNs), by disseminating content based on geographical proximity and aiding in load distribution from cloud
servers. Users situated in proximity are connected to the same edge server. Upon receiving a request from a user
to generate a local scene within the metaverse system, the request is routed through the edge servers and cached.
Subsequently, other users in the same vicinity can access these cached scenes on the edge servers, thereby further
diminishing latency. Additionally, it is imperative to harness the computational resources available in the edge
servers. For instance, they can assist in compressing and decompressing scenes generated on the cloud server.
Consequently, this not only reduces latency but also enhances the quality of the generated scenes.

Artificial Intelligence of Things (AIoT) represents a burgeoning application that amalgamates artificial
intelligence (AI) technologies with Internet of Things (IoT) systems. By integrating Al capabilities within the
ubiquitous wireless networking infrastructure, AloT systems are engineered, wherein end devices exhibit a degree
of intelligence in data processing and analytics. The utilization of Generative Al (GenAl) can further enhance the
scope of applications within this domain. For instance, a voice assistant could engage with users in various
applications such as autonomous driving, smart cities, and smart homes, necessitating the automatic generation
of fluent human speech from textual data sources. In the context of implementing AloT through edge-cloud
computing, considerations must be given to privacy, personalization, and data synchronization. Users may gather
data to train personalized GenAl models tailored to their specific needs. Ideally, a straightforward GenAl model
with satisfactory performance should be trained on user devices. Subsequently, the model parameters from
multiple users can be transmitted to cloud servers for aggregation into a more sophisticated GenAl model via
federated learning. Additionally, data collection from end devices should be continuous to ensure the information
within GenAlI models remains current. Online optimization techniques facilitate the training of machine learning
models with continuous streams of data. Firmware updates enable user devices to synchronize with the advanced
GenAl model. Consequently, the entire system stands to benefit from a broader pool of training data amassed
from users via federated learning, while simultaneously upholding user data privacy.



IV.  RESULTS & DISCUSSION

Table 2 presents a comparative analysis of power consumption, carbon emissions, and cloud computational costs
associated with training large Generative Artificial Intelligence (GenAl) models across different modalities. The
table includes four models: GPT-3 for text generation, BigGAN for image generation, GANSynth for audio
generation, and a proposed model capable of generating text-image pairs. For the training of GPT-3, which focuses
on text generation, a substantial hardware setup comprising 10,000 V100 GPUs is utilized, with the power
consumption not explicitly provided. However, the training process spans 355 hours, resulting in a considerable
energy consumption of approximately 1.29 x 1076 kWh. In contrast, training the BigGAN model for image
generation requires a single V100 GPU, consuming 300 watts of power over a duration of 3,072 hours. This
translates to an energy consumption of 921.3 kWh, significantly lower than that of GPT-3 despite the longer
training duration. Similarly, for the GANSynth model, designed for audio generation, a single V100 GPU is
employed, consuming 300 watts of power during 108 hours of training. The energy consumption for this model
is 32.4 kWh, substantially lower than both GPT-3 and BigGAN due to the shorter training duration and specific
modality.

Table 2. Comparison of power consumption, carbon emission, & cloud computational cost in the training of large
GenAl models in diverse modalities.

Model Modality Hardware Power (watts) Hours Energy
Consumption
(kWh)

GPT-3 [33] Text V100 GPU - 355 1.29 x 10°

x10,000

BigGAN [34] Image V100 GPU x1 300 3,072 9213

GANSynth[35] Audio V100 GPU x1 300 108 324

Proposed model = Text-Image V100 GPUx 2 400 97 29.2

Lastly, the proposed model capable of generating text-image pairs requires two V100 GPUs, consuming 400 watts
of power over a training period of 97 hours. The energy consumption for this model is 35.2 kWh, slightly higher
than GANSynth but considerably lower than GPT-3 and BigGAN. In summary, while GPT-3 exhibits the highest
energy consumption due to its extensive hardware requirements and longer training duration, models focused on
specific modalities such as GANSynth and the proposed text-image model demonstrate significantly lower energy
consumption, highlighting the potential benefits of tailored hardware configurations and specialized training
processes for different GenAl modalities.
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Fig. 2. Comparison of Energy Consumption & Hours of Training in Large GenAl Models

Table 3 illustrates the impact of varying the number of client clusters on the performance of the proposed model.
Each row represents a different number of client clusters, ranging from 1 to 6, while the corresponding accuracy
values at the beginning (First) and end (End) of the training process are presented. The accuracy values depict the
model's performance in terms of correctly predicting outcomes. As the number of client clusters increases, there
is a noticeable improvement in accuracy, both at the initial stages and upon completion of the training process.
Specifically, the accuracy ranges from 0.932 to 0.969 at the beginning of training and from 0.955 to 0.977 at the
end of training across the various cluster configurations. This suggests that increasing the number of client clusters
leads to enhanced model performance, indicating the importance of cluster optimization in achieving higher
accuracy levels for the proposed model.

Table 3. The consequence of the no. of client cluster on the proposed model.

Cluster 1 2 3 4 5 6
Accuracy 0.932/0.955 0.942/0.958 0.947/ 0.964 0.953/0.967 0.968/0.976 0.969/ 0.977
(First/end)

Effect of Number of Client Clusters on Proposed Model Accuracy
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Fig. 3. Effect of number of client clusters on proposed model accuracy
V. CONCLUSION

The integration of GenAl services on a large scale presents a novel hurdle in the development of contemporary
edge-cloud computational systems, owing to the considerable model sizes, substantial power consumption, and
potential latency issues stemming from limited computational and network capabilities. This study delineated the
significance of developing scalable GenAl systems and corroborated the associated challenges through the
conceptualization of two representative GenAl services. Furthermore, an extensive discourse on diverse design
considerations for GenAl services vis-a-vis prevailing communication frameworks was provided. The synthesis
emphasizes the necessity for a well-calibrated design approach that optimally allocates computational resources
between edge and cloud servers while addressing concerns related to latency, data privacy, and customization.
Notably, the adoption of federated learning emerges as pivotal, wherein compact GenAl models are trained at
edges, complemented by the training of large-scale models in the cloud through the amalgamation of numerous
smaller models. Moreover, the distribution of most inference tasks at edges is advocated. The paper outlines



several avenues for future research, including the development of domain-specific GenAl models, the
decomposition of large language models, the implementation of eco-friendly GenAl models, and the assurance of
quality in AIGC. Additionally, we introduce a collaborative cloud-edge-end intelligence framework tailored for
GenAl applications. The model facilitates efficient hierarchical federated semi-supervised learning (HFSL)-based
model fine-tuning and supervised learning (SL)-based task reasoning within a unified architecture. Furthermore,
a comprehensive analysis of the operational challenges encountered by the proposed model and an exploration of
the impact of various influencing factors on its performance were conducted through simulation. Finally, the paper
delineates future challenges and directions in the symbiotic relationship between GenAl and edge intelligence.
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