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Abstract— Edge computing enables real-time data processing
closer to its source, thus improving the latency and performance
of edge-enabled AI applications. However, predictive AT models
often fall short when dealing with complex, dynamic tasks that
require advanced reasoning and multimodal data processing.
This survey explores the integration of multi-LLMs (Large
Language Models) to address these challenges in edge computing,
where multiple specialized LLMs collaborate to enhance task
performance and adaptability in resource-constrained environ-
ments. We review the transition from conventional edge Al
models to single LLM deployment and, ultimately, to multi-
LLM systems. The survey discusses enabling technologies such
as dynamic orchestration, resource scheduling, and cross-domain
knowledge transfer that are key for multi-LLM implementation.
A central focus is on trusted multi-LLM systems, ensuring robust
decision-making in environments where reliability and privacy
are crucial. We also present multimodal multi-LLM architec-
tures, where multiple LLMs specialize in handling different
data modalities, such as text, images, and audio, by integrating
their outputs for comprehensive analysis. Finally, we highlight
future directions, including improving resource efficiency, trust-
worthy governance multi-LLM systems, while addressing privacy,
trust, and robustness concerns. This survey provides a valuable
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reference for researchers and practitioners aiming to leverage
multi-LLM systems in edge computing applications.

Index Terms— Large language model (LLM), multiple LLMs,
edge computing, trustworthy LLM system, multimodal LLM.

I. INTRODUCTION
A. Background

DGE computing has emerged as a crucial paradigm

to bring intelligent services closer to data sources
(sensors, cameras, vehicles, drones) in networks [1]. By pro-
cessing data at or near the network edge, computational
data exchange-related latency and bandwidth usage can be
greatly reduced, thus improving quality-of-service for many
time-sensitive intelligent applications such as traffic manage-
ment, emergency response, and autonomous navigation [2].
Traditional edge Artificial Intelligence (AI) systems, however,
typically rely on specialized narrow models, each designed for
a specific task, e.g., object detection or traffic prediction [3].
While effective for targeted problems, these conventional
models lack the flexibility and general reasoning capabilities
required to address the increasingly complex and dynamic
environments, such as in modern urban and aerial ecosystems.
In contrast, large pre-trained models, especially large
language models (LLMs), have demonstrated remarkable
human-level proficiency in understanding, generating, and
reasoning over natural language and multimodal data [4],
[5], [6]. Their generalist intelligence enables them to per-
form a wide variety of tasks without task-specific retraining,
making them highly attractive for diverse edge applications
where versatility and adaptability are essential [7], [8], [9].
As a result, the integration of LLMs with edge computing
leads to the emerging concept of Edge General Intelligence
(EGI) [10], where edge nodes, such as Internet of Things
(IoT) devices, vehicles, drones, and city infrastructure, gain
enhanced context awareness, reasoning capabilities, and mul-
timodal interaction [2], [11], [12]. This evolution enables
smarter, more autonomous, and adaptive services directly at
the edge, reducing reliance on cloud connectivity and accel-
erating decision-making processes. However, the deployment
of LLMs at the edge introduces unique challenges, including
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limited on-device compute resources, energy constraints, and
high communication overhead for cloud interactions [13],
[14]. To alleviate these difficult problems, a few solutions
have been recently developed. Researchers adopted techniques
such as model compression [15], pruning, quantization, and
knowledge distillation [16] to reduce the model size and
reasoning complexity to adapt to edge devices. Further-
more, some works have designed energy-saving reasoning,
scheduling, and dynamic model invocation strategies [17], [18]
rationally allocating tasks to extend the battery life of the
equipment. Furthermore, methods such as edge-local inference
enhancement and edge-cloud collaborative computing have
been proposed to deal with high communication overhead [19].

Just as LLMs empower edge computing, moving towards
EGI, researchers have found that there are still limitations
when individual LLMs work. Different LLMs, perhaps with
different training data, languages, or specialties, can comple-
ment each other [20]. Indeed, answers from different LLMs to
the same query often vary due to their diverse training corpora
and model biases [21]. A single LLM faces difficulty in
adapting to heterogeneous contexts (e.g., a traffic management
LLM might not handle medical queries) [22]. Additionally,
individual LLMs can suffer from outdated knowledge or hallu-
cinations if their training data is limited [23], [24]. Multi-LLM
systems have been proposed as a way to advance the state-of-
the-art in EGI by having multiple LLMs collaborate. We can
combine their strengths and mitigate individual weaknesses by
harnessing multiple LLMs as an ensemble or a network [25],
[26]. For example, Wang et al. leveraged a pool of LLMs
(including GPT-3.5, GPT-4, LLaMA variants, and others) to
jointly generate comprehensive elderly care plans, outperform-
ing any single model in coverage of topics [27]. Likewise,
researchers have begun exploring multi-LLM systems to sim-
ulate “group intelligence,” where LLM-based agents discuss or
vote on answers to improve reliability [28]. It is also regarded
as the prerequisite foundation for a multi-agent system [29].
Although these efforts are still in their infancy, they indicate
a paradigm shift toward collaborative intelligence at the edge.

Facing the extensive demand for EGI and recognizing the
unique advantages provided by multi-LLM, this paper pro-
vides a comprehensive survey of multi-LLM in implementing
ubiquitous EGI applications. Before starting the discussion,
we summarize the relevant key features of EGI, multi-LLM,
and multi-LLM through Fig. 1. The following content will
elaborate on this in sequence.

B. Related Surveys

To clarify the coverage of the existing relevant surveys and
highlight our uniqueness, we have summarized the contri-
butions and priorities of the related work. They are divided
into two aspects: LLM for EGI and multi-LLM, which are
concluded in TABLE 1.

1) LLM for EGI: Recent literature has increasingly investi-
gated the deployment of LLMs at the network edge to enhance
intelligent services with reduced latency and bandwidth
consumption. The work in [2] presented a comprehensive
framework for efficient LLM inference on edge devices by
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Fig. 1. Key features for EGI, multi-LLM, and multi-LLM for EGI.

leveraging model compression and hardware acceleration,
enabling real-time natural language processing under con-
strained resources. Dong et al. [30] focused on adaptive
model pruning and quantization techniques to reduce computa-
tional overhead while maintaining inference accuracy, which is
crucial for resource-limited edge environments. Furthermore,
Bhardwaj et al. [31] discussed the computing requirements,
energy efficiency, and model scalability of deploying LLMs
on edge devices with limited resources. Meanwhile, they
emphasized the transformative potential and future impact of
the combination of LLM and edge computing. In addition,
authors proposed a comprehensive overview of the latest
advancements in edge LLMs [32]. This work covers the
entire life cycle of edge LLMs, from the model design and
pre-deployment strategies to runtime inference optimization.
The study in [33] explored small language models (SLM),
model compression techniques, inference optimization strate-
gies, and dedicated frameworks for edge deployment of LLM.
Security and privacy aspects are investigated in [34], where
encrypted model updates and differential privacy mechanisms
are introduced for secure LLM deployment on heterogeneous
edge devices. Meanwhile, Hadish et al. [35] focused on
dynamic resource allocation algorithms to adaptively schedule
LLM inference tasks across edge clusters, enhancing through-
put and energy efficiency. Lastly, Lin et al. [36] systematically
surveyed the challenges of LLM deployment at scale on the
edge, including hardware heterogeneity, model scalability, and
context-aware adaptation, setting a roadmap for future edge
intelligence research.

2) Multi-LLM Systems: In [25], multiple LLMs interact
and cooperate to overcome individual limitations, enabling
enhanced reasoning, knowledge sharing, and multi-task capa-
bilities. It also discusses the key challenges and future
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TABLE I
SUMMARY OF RELATED SURVEYS
. Multi- Edge com-
Scope Ref. Overview LLM LLM puting
2] A survey on three conceptual architectures of LLM-licensed EGI: central- v/ X 4
ized, hybrid, and decentralized, and their implementation methods
30] An overview of an efficient memory fine-tuning and model compression v X v
) in LLM to facilitate its deployment at the network edge
A survey emphasizing the role of LLM in reducing latency, enhancing
[31] . . Lo : v X v
privacy, and improving efficiency for edge computing
A comprehensive review of edge LLM from resource-efficient model
[32] ) ; L L v X v
design, pre-deployment strategies, to runtime inference optimization
A comprehensive survey on edge LLM deployment technologies, including
LLM for EGI [33] small language models, model compression, inference optimization, and v X v
frameworks
(34] A contemporary survey on the structure, caching, delivery, training, and v X /
inference of deploying LLMs by mobile edge intelligence
(35] A survey exploring the research trends, developments, and applications of v X v
compact edge LLMs
A position paper on the deployment of multi-modal LLMs at the 6G edge,
[36] CE . S v X v
including technologies and applications
(37] A survey on exploring to reveal and understand how the world model v X 4
enables EGI
A comprehensive survey on different multi-LLM collaboration strategies
[25] v v X
such as merge, ensemble, and cooperate
(38] A surYey on the integration of multiple LLMs before, during, and after v/ v/ X
reasoning
(39] A position paper emphasizing the multi-LLM collaboration to address the v/ v/ X
) challenges in single LLM, such as reliability, democratization, and diversity
Multi-LLM A survey on the relationship (cooperation and competition) between large
[40] v v X
and small language models
A conceptual framework on using blockchain to enable multiple LLMs to
[41] . v v X
collaborate and serve wireless networks
A review on two complementary reasoning strategies between multi-LLM
[42] S ) . v v X
systems, including routing, and cascading

opportunities in coordinating such multi-model systems. Then,
Chen et al. [38] comprehensively reviewed the emerging
field of LLM ensembles, categorizing methods into ensemble-
before-inference, ensemble-during-inference, and ensemble-
after-inference paradigms. It analyzed various techniques,
related challenges, benchmarks, and applications, highlighting
how combining multiple LLMs can improve performance
beyond single-model usage. Meanwhile, in the position
from [39], it argued that a single LLM is insufficient to
reliably represent the diverse and complex real-world data,
skills, and user populations, advocating instead for multi-LLM
collaboration. Moreover, Chen and Varoquaux [40] analyzed
the complementary roles of small models alongside LLMs.
It highlighted how SLMs contribute to data curation, effi-
cient inference, interpretability, and domain-specific tasks, thus
promoting resource-efficient and practical Al deployments.
Finally, Luo et al. [41] proposed a blockchain-enabled trust-
worthy multi-LLM network framework to enable collaborative,
secure, and reliable responses from multiple LLMs for com-
plex wireless network optimization. It also demonstrated an
effective defense mechanism against false base station attacks
in 5G or 6G wireless systems.

Recent investigations have studied the integration of LLMs
in edge computing or the work on the collaboration of multiple
LLMs. However, up to now, there has been no comprehensive
investigation into the unique opportunities and challenges of

multiple LLMs working together in edge networks to achieve
EGI. In this survey, our goal is to fill this gap. We have delved
into the review of the architecture and technology of multi-
LLM. These techniques can achieve powerful and reliable edge
intelligence in ubiquitous scenarios.

C. Our Contributions

The key contributions of this paper are summarized as

follows:

¢ We provide a comprehensive review of architectural
designs and deployment strategies tailored for multi-LLM
systems operating in edge computing environment.
We also investigate the differences among predictive
Al, single LLM, and multi-LLM systems. We com-
prehensively discuss the differences between running
multi-LLM in the cloud and on the edge. Furthermore,
we summarize four typical edge applications to reveal the
potential of multi-LLM, especially in mobile scenarios
such as elderly care, smart grid inspection, intelligent
transportation, and Low-Altitude Economic Networks
(LAENets).

o This survey categorizes key enabling technologies based
on model compression, resource orchestration, model
context protocol, privacy protection, LLM fine-tuning,
and multimodal information fusion. This work lays a
foundation for designing a robust multi-LLM-enabled
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Fig. 2. Structure of our survey.

ubiquitous EGI that maximizes local intelligence while
reducing reliance on centralized cloud processing.

e We provide a case study and an open-source dataset
summary for deploying multi-LLM systems at the edge.
Trustworthiness is a critical factor, where decisions often
impact safety-critical or privacy-sensitive applications.
We conduct an in-depth analysis of the mechanisms
that ensure reliability and security within multi-LLM
collaborations. Then, the available datasets widely used
in multi-LLM systems are conducive to promoting further
research and experiments in EGI.

o Future multi-LLM systems should design lightweight
multimodal models that efficiently handle diverse data
under edge resource constraints. Therefore, enhancing
cross-domain generalization to support knowledge trans-
fer and dynamic adaptation is also essential. Next, estab-
lishing a trustworthy Al governance ensures transparency,
fairness, securing critical applications. Moreover, the rea-
soning methods in the multi-LLM system are crucial for
further enhancing its ability to handle tasks. Addressing

these challenges will enable a strong multi-LLM system,
driving advancements in ubiquitous EGI.

D. Structure of This Paper

The structure of this survey is outlined in Fig. 2. Section II
introduces the concept and design motivation of multi-LLM,
including its differences from predictive Al and individual
LLM. In Section III, it demonstrates four typical applica-
tions of multi-LLM. Then, Section IV illustrates how edge
computing moves towards EGI, that is, the key enabling
technologies of multi-LLM empowering EGI. Next, as a
tutorial, Section V provides a case study on the trustworthy
multi-LLM for EGI and summarizes open-source datasets that
support multi-LL.M research. Moreover, Section VI reveals the
future directions of multi-LLM for edge computing. Finally,
Section VII summarizes this survey.

II. FROM CONVENTIONAL Al TO MULTI-LLM
This section introduces the multi-LLM concept, includ-
ing the collaboration methods among LLMs, as well as

Authorized licensed use limited to: University of Waterloo. Downloaded on February 18,2026 at 00:09:59 UTC from IEEE Xplore. Restrictions apply.



LUO et al.: TOWARD EDGE GENERAL INTELLIGENCE WITH MULTIPLE-LARGE LANGUAGE MODEL

the differences among predictive Al, individual LLMS, and
multi-LLM. The application scenarios of multi-LLM are also
discussed.

A. Concept of Multi-LLM

Multi-LLM systems refer to architectures or frameworks
where multiple LLMs operate together (in parallel or in
sequence) to solve tasks or generate outputs. In essence, rather
than relying on a single monolithic model, a multi-LLM
system leverages an ensemble or team of LLMs that work
in concert by sharing work or validating each other’s out-
puts [25]. This collaboration allows each model to contribute
its specialized strengths toward a shared objective, such as
domain knowledge, language, or reasoning skills.

A key aspect of multi-LLM systems is how the different
models collaborate or interact. Several collaboration modes
have been explored in technical literature, each with dis-
tinct philosophies for organizing multiple LLMs. The major
paradigms include cooperative approaches, competitive (or
adversarial) approaches, and various ensemble-based schemes.
In practice, a multi-LLM system might combine elements
of these modes to achieve a balance. Table II summarizes
the representative works of these different types of LLM
collaborations. Below, we outline each collaboration mode,
clarifying what it entails and providing examples from recent
frameworks.

1) Cooperative Collaboration: Cooperative collaboration
describes scenarios where multiple LLMs work synergis-
tically with aligned goals, often dividing complex tasks
into subtasks or complementing each other’s strengths. This
paradigm leverages role specialization, information sharing,
and iterative refinement to enhance overall performance and
robustness.

For instance, Owens et al. [21] investigated centralized and
decentralized dialogue frameworks enabling multi-LLM com-
munication to collectively reduce bias and enhance fairness.
Dai et al. [43] developed an online multi-LLLM selection strat-
egy that dynamically allocates queries to different LLMs based
on cost-performance trade-offs, facilitating efficient resource
utilization in real time.

In robotics and multi-agent systems, Mahadevan and Peter-
nel [44] demonstrated cooperative LLM-based navigation
agents that communicate via natural language to resolve
conflicts and assign priorities. Yuan et al. [45] integrated
human reviewers into a multi-LLM consensus pipeline to
improve annotation quality while reducing manual effort.
Mahadevan et al. [46] proposed hierarchical multi-LLM con-
versational agents that cooperate across different processing
levels to improve dialogue efficiency and user experience.
Notably, Feng et al. [47] introduced the modular plural-
ism framework, enabling token-level collaboration between a
large closed-box LLM and multiple community-tuned LLMs,
facilitating pluralistic alignment that better represents diverse
societal values.

To summarize, cooperative systems are particularly effec-
tive in contexts requiring fairness, bias mitigation, contextual
reasoning, and multimodal fusion, providing complementary
knowledge and cross-verification capabilities.
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2) Competitive Adversary: Not all multi-LLM interactions
are purely cooperative. Some frameworks introduce competi-
tion or adversarial dynamics between models. In a competitive
mode, each LLM prioritizes its objective or hypothesis, which
may conflict with others’ objectives [54]. Rather than helping
each other outright, the models essentially strive to outperform
or correct one another, with the system ultimately picking
the best outcome from the contest. The rationale is that
competition can push each model to perform at its best,
yielding a more rigorous solution overall.

A case of competition is the adversarial collaboration
approach, where models are explicitly set to challenge each
other’s outputs in order to stress-test the correctness and
consistency of results [55]. In adversarial debate frame-
works, multiple LLMs serve as “advocates” or debaters for
different answers, and they iteratively critique each other’s
reasoning [56]. This approach essentially transforms the
problem-solving process into a dynamic dialogue among
LLMs that validates and cross-examines potential answers.

For example, Feng et al. [24] utilized this approach by
enabling multiple LLMs to adversarially critique uncertain
responses produced by their peers, mitigating hallucinations
and improving answer fidelity. Socratic multi-LLM dia-
logue [48] similarly incorporates adversarial debates, allowing
models to refine outputs through dialectical conflict, resulting
in enhanced reasoning depth and robustness.

In summary, competitive or adversarial multi-LLM modes
introduce a “checks and balances” effect. Each model’s output
is vetted by others, promoting robustness at the cost of a more
complex interaction protocol.

3) Ensemble Integration: Ensemble-based methods are a
classical approach adapted to LLMs. Multiple models are run
in parallel on the same task, and their outputs are combined
to produce a final result. Unlike the interactive cooperation or
debate methods above, a pure ensemble often involves little to
no direct communication between the LLMs during inference.
Each model independently generates an answer (or prediction),
and then a predefined aggregation mechanism synthesizes
these results [25]. The goal is to harness the individual
strengths of each model and cancel out their independent
errors, improving overall accuracy or reliability.

Typical integration relies on the voting results of each
LLM. On the one hand, the average probability distribution
of different results can be statistically analyzed from multiple
LLMs to determine the final response. For example, Luo et al.
[41] used voting to decide on the best base station power
allocation scheme to resist fake base station attacks for the
wireless communication system. On the other hand, there is the
weighted voting of confidence level. If the models can provide
confidence scores for their answers, the final decision will tend
towards the answer with the highest total weight. Luo et al.
[41] designed a weighted Byzantine fault tolerance to ensure
robustness of multi-LLM in wireless network optimization.

In addition, some other typical examples of integration,
including that Fang et al. [5S0] examined ensemble strategies
for text summarization, contrasting centralized and decen-
tralized frameworks. Mao et al. [51] presented a statistical
deep ensemble framework tailored for detecting Al-generated
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TABLE I
COMPARISON OF MULTI-LLM WORKS BY COLLABORATION TYPE

Ref. Contributions Key Techniques Type

[21] Centralized and decentralized multi-LLM dialogue frameworks reduce bias Multi-model interaction, bias detection, de-
and improve fairness and accuracy centralized communication

[43] Online multi-LLM selection algorithm dynamically balances performance and Multi-armed bandit algorithm, task schedul-
cost for task scheduling ing, online learning

[44] Multi-robot navigation via natural language communication, resolving con- Multi-agent dialogue, game theory, control
flicts and prioritizing tasks barrier functions

[45] Multi-LLM consensus with human review framework improves annotation Independent multi-model analysis, consensus
accuracy and reduces human effort mechanism, human-AlI collaboration

[46] Multi-level hierarchical LLM conversational agent improves robotic interac- Multi-level query classification, hierarchical
tion and user satisfaction dialogue management, speech recognition

[47] Modular pluralism framework uses multi-LLM collaboration for pluralistic Fine-tuning, token-level multi-LLM interac-
alignment tion, modular decoding strategies

[24] Multi-LLM competition improves QA accuracy and confidence, effectively Multi-model reflective reasoning, confidence ¢
reducing hallucinations estimation

[48] Socratic multi-LLM dialogue framework enhances reasoning quality through Multi-turn dialogue, debate strategies, rea- ¢
debate and opposing viewpoints soning evaluation

[49] A multiple LLM debate theoretical framework, along with three improvement Context learning, Bayesian reasoning, debate ¢
methods: diversity pruning, quality pruning, and rebuttal of misunderstandings strategies, pruning

[28] Blockchain-enabled trusted multi-LLM with weighted Byzantine fault toler- Blockchain consensus, decentralized trust [}
ance consensus enhances trust and robustness evaluation

[41] Blockchain-enabled trustworthy multi-LLM network mitigates biases and Blockchain consensus, P2P (Peer to Peer) [ J
malicious behavior in wireless network optimization network, multi-LLM cooperative reasoning

[50] Multi-LLM text summarization framework compares centralized and decen- Centralized evaluation, distributed evalua- [
tralized strategies, enhancing quality tion, summary generation

[51] Multi-LLM statistical deep ensemble framework for high-precision Al- Mixture of Experts (MoE), statistical feature [
generated Chinese text detection extraction, cross-entropy metrics

[52] Sampling-simulation method improves offline multi-LLM inference efficiency Sampling simulation, greedy scheduling, [ J
with dynamic scheduling and parallelism multi-GPU parallelism

[53] A Multi-LLM Knowledge Fusion (MLKF) for simulating the cognitive and Cognitive reasoning, knowledge fusion [}
reasoning process of humans

: cooperative collaboration; 4: competitive adversary; @: ensemble integration

Chinese text with high precision, employing Mixture of
Experts (MoE) and statistical feature extraction. Meanwhile,
to accelerate the integration of multi-LLM, Fang et al.
[52] introduced a sampling-simulation method to improve
multi-LLM offline inference efficiency, leveraging dynamic
scheduling and parallelism across multiple GPUs.

In general, ensemble methods benefit from the diversity of
individual models. Also, it typically yields stable and reliable
outputs without tightening model interaction during inference.

B. Differences Among Predictive Al, Single LLM, and
Multi-LLM

Before applying the multi-LLM system to edge computing,
it is necessary to understand its characteristics and advantages.
In this part, we compare the differences among predictive Al
models, single LLM, and multi-LLM. Fig. 3 reveals in detail
their characteristics, typical cases, etc.

1) Predictive AI: Predictive Al models encompass classical
machine learning algorithms and compact neural networks
that are tailored to specific tasks. These models are typically
purpose-built. Each model is trained on a well-defined dataset
to perform a particular function, e.g., object detection, anomaly
detection, or signal classification. Common designs include
decision trees, support vector machines [57], and small-scale
deep neural networks such as lightweight Convolutional
Neural Networks (CNNs) [58] or shallow Multi-Layer Percep-
trons (MLPs) [59]. They are selected because they operated

efficiently on the limited-resource devices. The underlying
design philosophy is to keep models narrow and optimized
for the target task, using hand-crafted features or special-
ized network architectures to maximize accuracy within that
domain [60], [61]. In terms of capabilities, traditional models
excel at the tasks they are designed for, often achieving high
performance under the conditions they are trained on.

The reasoning and generalization capabilities of these Al
models are limited. Because they cannot infer beyond their
training distribution, nor do they have the ability to handle
tasks beyond their narrow authorization [62]. For exam-
ple, a CNN-based traffic classifier can categorize known
traffic signs accurately. But it cannot interpret natural lan-
guage instructions or adapt to recognize new, unrelated
objects without retraining. Each additional functionality (say,
adding voice command recognition to a camera system) typ-
ically requires developing or deploying a separate model or
algorithm.

Due to their limited scope, predictive Al is usually orga-
nized in isolated or pipeline structures rather than as an
integrated system [63]. Especially at the edge, deployment
may involve multiple independent models. Each model handles
one aspect of complex tasks. For example, one model is
used for face recognition, and another model is used for
audio detection. However, any advanced decision logic must
be manually encoded or processed by a simple rule-based
framework. Therefore, traditional edge artificial intelligence
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Fig. 3.

Comparison with predictive Al, single LLM, and multi-LLM system. Predictive Al models require targeted training based on the particularity of

scenarios and lack generalization. Due to the limitations of training techniques and data, a single LLM often generates biased and illusory results. Multi-LLM

can overcome the above problems through the collaboration of multiple LLMs.

cannot learn dynamically from each other’s outputs in an open
manner [64].

2) Single LLM: Single LLM refers to a general-purpose
intelligence may based on the Transformer architecture [65].
Typical representatives include ChatGPT,! WizardLM,?
Deepseek,3 and Kimi,* etc. These models are characterized
by deep layers of self-attention and very large parameter
counts, having been pre-trained on massive text or multi-
modal corpora [66]. Notably, these models learn a broad
statistical representation of language and world knowledge
during training. Their underlying design leverages unsuper-
vised or self-supervised learning at scale, which endows them
with processing capabilities far beyond any single narrow task
model [67].

A single LLM at the edge can serve as a versatile Al agent
handling numerous tasks through prompting or few-shot exam-
ples, rather than through task-specific reprogramming [68].
Moreover, LLMs demonstrate a degree of general reason-
ing [69]. They can solve problems they have not been
explicitly trained on by drawing on analogous examples from
their training knowledge. For example, an edge-deployed LLM
can analyze log data or sensor readings expressed in natural
language and provide insights or summaries [70], then switch
to answering users’ questions. It is something traditional
models cannot do, as LLMs effectively carry a broad prior
learned from diverse data. Such cognitive flexibility is highly
attractive for edge intelligence scenarios where the types of
queries and data can vary widely [71].

Thttps://chatgpt.com/
Zhttps://github.com/nlpxucan/WizardLM
3https://www.deepseek.com/
“https://www.kimi.com/

Deploying a single LLM on edge hardware, however,
is challenging due to resource requirements [72]. These mod-
els typically demand gigabytes of memory and significant
compute, for example, tens of billions of parameters require
specialized hardware accelerators [73]. In practice, making an
LLM edge-friendly involves model compression techniques
like quantization and distillation [74], reducing precision or
size to fit on GPUs or CPUs available at the edge. Recent
works introduce SLMs [33], which are trimmed-down LLMs,
on the order of 0.5-7 billion parameters, that aim to retain
much of the original’s capability while running on a sin-
gle edge device. Even so, the inference cost is substantial.
The optimized models often still need at least on the order
of 500 MB of RAM and an advanced processor to run
effectively [73]. This can strain devices such as IoT gateways
or smartphones, especially under real-time constraints. Edge
deployments of LLMs may thus require hardware upgrades,
e.g., adding an Al accelerator module or offloading parts of
the computation to nearby edge servers [75]. Techniques like
split inference, that is, partitioning the model layers between
device and cloud, are also explored to cope with this demand,
albeit introducing complexity in return [76].

Despite the remarkable capabilities of single LLMs, their
use in edge computing exposes critical limitations. Individ-
ual models often produce hallucinations, generating biased
or false content, due to incomplete training data or archi-
tectural constraints [21], [77], [78]. These issues not only
hinder reliability and adaptability in dynamic network settings
but also highlight the single-model approach as a poten-
tial bottleneck [32]. Consequently, researchers are turning to
multi-LLM collaborative systems to overcome these shortcom-
ings. This paradigm shift, as detailed next, forms a logical step
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toward more resilient and scalable intelligence at the network
edge.

3) Multi-LLM System: Multi-LLM collaboration involves a
network of LLM-based agents working together, potentially
offering a form of collective intelligence. Through various
types of collaboration methods, namely collaboration, com-
petition, and ensemble, they have avoided the generalization
weaknesses, such as illusion and bias of individual LLMs [21],
[24]. This approach finds typical use cases in 360 AI Assistant®
and Corex.® The former is capable of triggering the collabora-
tive operation of three LLMs. Developed by the Shanghai Al
Lab, the latter allows multiple LLMs to carry out reasoning
in a joint manner. Moreover, Amazon’ has delved into the
field of message routing approaches among multiple LLMs.
Additional instances are presented in Fig. 3.

The key advantages of the multi-LLM system framework
can be summarized as follows:

o Specialization: The capabilities of a multi-LLM system
arise from the diversity and specialization of its member
models. By leveraging different knowledge bases and
strengths of each LLM, such a system can cover a broader
range of tasks or a more complex task space than any
single model. For example, one LLM could be a math
expert while another is skilled in understanding legal
text. Through collaboration, they can solve problems that
involve both legal interpretation and numerical reason-
ing [79].

 Scalability & Flexibility: Compared with a single LLM,
expansion usually means retraining or fine-tuning the
entire model. For multi-LLM systems, new models can
be added or replaced without retraining the entire system,
thereby adapting to new tasks.

o Robustness & Fault Tolerance: In essence, multi-
LLM systems introduce redundancy and specialization.
They are more fault-tolerant and can tackle multifaceted
tasks by distributing subtasks among themselves. This
approach is inspired by multi-agent system principles,
moving Al from isolated models to a collaboration-
centric paradigm [54].

o Performance Enhancement: Even when models are of
a similar general-purpose nature, collaboration allows for
cross-verification and ensemble effects. An LLM can
double-check or critique the output of another, similar to
having multiple advisors discuss a problem, which often
yields a more accurate and robust result [48].

o Task Decomposition: The system’s architecture can take
various forms. A centralized scheme might use a leader or
supervisor LLM that delegates subtasks to other specialist
LLMs. On the contrary, to avoid a single point of failure,
a decentralized scheme treats each model as a peer in a
distributed protocol, for example, voting or consensus to
ensemble results.

o Privacy & Confidentiality: Through the hierarchical
data management of multi-LLM, users’ sensitive data

Shttps://bot.360.com

Shttps://link.zhihu.com/?target=https%3 A//github.com/QiushiSun/Corex

7https://aws.amazon.com/cn/blogs/machine-learning/multi-llm-routing-
strategies-for-generative-ai-applications-on-aws/
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can be routed to be stored in a private or secure LLM.
While public or non-privacy-sensitive types of queries can
use the public model. In a single LLM, all data has to
pass through the same LLM, which raises concerns about
privacy and compliance. Moreover, LLM can manipulate
data without the knowledge of other entities [80].

¢ Reduced Hallucination and Biases: Due to the limita-
tions of a single LLM in terms of training data, technical
paths, etc., the generated content may be outdated, biased,
and illusory. A system composed of multiple LLMs can
effectively avoid this problem, provide users with com-
prehensive responses, and generalize to various complex
scenarios [28], [41].

It is precisely because of these powerful capabilities, the
enhanced reasoning ability, and the more comprehensive infor-
mation interaction through collaboration among LLMs, that
multi-LLM systems are also seen as evolving towards agentic
Al [81]. As a result, multi-LLM can bring benefits to EGI,
such as task flexibility and generalization, collaborative rea-
soning, and reduced hallucinations. However, it also introduces
many complex challenges. First, the resource footprint grows
with each additional model. Running several LLMs in parallel
can easily exceed the capacity of the edge side. One solution
is to distribute the models across multiple devices, forming an
edge cluster [82], but this introduces network communication
overhead and requires synchronization. Second, coordination
mechanisms must be implemented. Unlike a single model,
multi-LLM systems need an agreed-upon protocol for collab-
oration [83]. This might be an internal messaging schema,
a turn-taking conversation, or an algorithm for consensus
on final answers. Third, there are also trust and consistency
challenges. In a decentralized edge setting, how do we trust
that each model is providing honest, correct information? Mal-
functioning or malicious LLMs could poison the collaborative
process. As a result, developing and maintaining multi-LLM
systems is still an open research area.

C. Differences of Multi-LLM in the Cloud and Edge

Mobile edge deployments of multi-LLM systems differ
markedly from cloud deployments across several dimensions.
Inference latency is typically lower at the edge because data is
processed close to its source, avoiding long network backhauls.
By contrast, cloud-based LLM inference incurs additional
round-trip delays to distant data centers [84].

Resource constraints are far more pronounced in edge
environments. Edge servers have limited compute, memory,
and power, making it challenging to host LLMs. For instance,
a 7 B-parameter LLaMA 2 requires 28 GB RAM, exceeding
most edge devices’ capacity without compression or partition-
ing [84]. Cloud data centers can leverage abundant GPUs and
memory to run such large models more easily.

Consequently, the system architecture tends to be distributed
in edge scenarios. Model inference may be split across
multiple edge nodes or performed collaboratively between
devices and edge servers [85]. In contrast to the centralized
architecture in clouds, the entire model ensemble runs in
one location. These trade-offs inform applicability. Real-time
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LAENets.

and privacy-sensitive use cases often favor edge deployments
for their immediate responsiveness and local data handling.
No need to expose sensitive data to external servers. While
cloud-based LLM systems, although they have superior com-
puting capabilities, may have difficulty meeting strict latency
needs.

III. APPLICATION SCENARIOS OF MULTI-LLM

To demonstrate the outstanding capabilities of multi-LLM
in edge computing, we list four typical applications here,
including elderly care, smart grid inspection, intelligent trans-
portation, and LAENets, as shown in Fig. 4. Especially the
latter three, reveal the great potential of multi-LLM in mobile
scenarios. The extensive application scenarios of multi-LLM
have promoted the realization of ubiquitous EGI.

A. Elderly Care

The multi-LLM system transforms elderly care by serving
as smart assistants that address diverse needs in health mon-
itoring, daily living, and social interaction. This application
demands multiple LLMs instead of a single model because
the tasks span numerous domains (medical advice, emergency
alerts, household management, etc.) and modalities (text,
speech, sensor data). A single model would be limited in
expertise and may have outdated or biased knowledge. While
a LLMs team can cover broader knowledge and cross-verify

/
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Application scenarios of multi-LLM. It includes typical edge scenarios such as elderly care, smart grid inspection, intelligent transportation, and

each other’s outputs. For example, one recent system com-
bined GPT-3, GPT-4, and six other LLMs to collectively
provide personalized elder care services, handling electronic
payments, daily assistance, safety monitoring, and emotional
support [27]. Such multi-LLM collaboration brings clear ben-
efits. Each LLM can be fine-tuned for a specific function, e.g.,
a medical domain LLM for health queries, a home automation
LLM for smart appliances, a conversational LLM for compan-
ionship. By assigning distinct roles to different LLM-based
agents and establishing feedback loops, the system can catch
errors or hallucinations and improve response quality [86].
Edge deployment characteristics are crucial in this scenario
to ensure responsiveness and trust. Elderly care assistants are
often deployed on distributed edge devices in smart homes
or wearable monitors, which keeps sensitive personal and
medical data local [87]. On-device processing with multiple
cooperating LLMs avoids sending raw data to the cloud,
protecting privacy while reducing latency for time-critical
support [88], such as fall detection or medication reminders.
The multiple LLMs communicate over the local network or
via an edge gateway, requiring efficient coordination proto-
cols to share insights without overwhelming bandwidth. The
key supporting technologies include the agent coordination
framework, which allows these LLMS to negotiate tasks and
share intermediate results. Furthermore, multimodal informa-
tion fusion requires the integration of camera feeds, biological
signals, and natural language inputs to obtain an overall view
of the user’s state [89]. Equally important is privacy-preserving
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collaboration [90]. Techniques such as on-device inference and
access control ensure that even as models collaborate [91], the
user’s personal data remains protected. In this way, collabora-
tive LLMs can provide consistent, accurate, and user-adaptive
assistance to the elderly in a trustworthy manner.

The core feature of this scenario is the cross-domain and
multimodal integration of tasks, which needs to simultane-
ously meet various demands such as health monitoring, daily
assistance, safety warning, and emotional companionship.
Therefore, the multi-LLM system needs to achieve cooperative
collaboration among LL.Ms to address the challenges in elderly
care.

B. Smart Grid Inspection

Smart grid inspection tasks benefit greatly from a multi-
LLM approach, including monitoring IoT sensor streams and
analyzing drone imagery of power lines [92], [93]. Unlike
siloed single-purpose tools, multiple LLMs working in concert
can holistically reason over heterogeneous data sources. One
LLM alone might be overwhelmed by the volume and variety
of grid data or miss cross-modal correlations. By contrast, spe-
cialized LLM agents can each focus on a particular modality
or sub-problem and then share their findings. For instance,
an LLM could correlate a series of voltage sensor anoma-
lies with recent weather conditions, while another examines
drone photos of a transformer for physical damage. Together,
they provide a more complete situational picture and can
suggest targeted maintenance actions [94]. Multi-LLM cooper-
ation yields superior situational awareness for grid operators
by cross-verifying insights, which reduces false alarms and
improves the accuracy of fault detection and prediction.

Edge deployment is essential for this scenario, given the
geographic distribution of the grid and the need for real-time
response. Placing LLMs on distributed edge, at substations,
control centers, or on inspection drones, minimizes commu-
nication delays. It can ensure critical functions can continue
locally if cloud connectivity is lost [95]. This arrangement
significantly cuts fault response times and reduces bandwidth
usage. LLMs communicate over reliable networks or dedicated
5G links, to enhance network security and resilience [96].
Key enabling technologies include multimodal data fusion,
which combines sensor measurements, weather information
and visual inspections into a unified situational awareness.
In addition, LLM specialization empowers knowledge of
power systems in fine-tuning models [97], enabling them
to understand specific grid terms and failure modes. Also,
proxy coordination protocols for distributed decision-making
are required [98]. For example, the edge LLM of the substation
can request confirmation of the LLM of the drones before
triggering the alarm. Furthermore, achieving real-time per-
formance requires model optimization and dynamic resource
scheduling. Heavy computing can be offloaded to more pow-
erful nearby servers. Through the above optimization, the
multi-LLM method can immediately perform grid anomaly
detection and carry out dynamic grid reconfiguration at the
edge, thereby pointing to a more resilient grid.

Compared with the previous scenario, the smart grid inspec-
tion not only adheres to the multi-modal data fusion principle,
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but also involves aggregating the results generated by multiple
LLMs for the same task. For instance, multiple UAVs collect
images, etc. Therefore, this scenario requires a multi-LLM
system to achieve the cooperation and integration of multiple
LLMs.

C. Intelligent Transportation

Multi-LLM deployments offer a powerful paradigm for
intelligent transportation systems by enabling autonomous
traffic management and connected vehicles to collaborate in
real time. Urban mobility involves many distributed actors,
such as vehicles, traffic signals, and control centers. In highly
dynamic conditions, fixed rule-based systems find it difficult
to efficiently coordinate these participants [99]. Additionally,
a single centralized Al has limited adaptability and scope,
whereas a team of LLMs can divide the cognitive load and
respond more flexibly to evolving traffic situations [100]. For
example, each smart intersection could be managed by its own
LLM optimizing local signal timing. A higher-level coordina-
tor LLM oversees city-wide patterns and mitigates congestion
by rerouting flows. Vehicles” LLM coordinates maneuvers
with each other and the infrastructure. This multi-LLM collab-
oration can reduce congestion and accidents, lower emissions,
and provide natural language interfaces for human operators
and users. Unlike rigid traditional Intelligent Transportation
System (ITS) control, LLM can handle novel scenarios, e.g.,
unexpected road closures, rather than being limited to pre-
programmed responses [101].

Edge computing is pivotal in this scenario to meet the
ultra-low latency requirements of transportation [102]. Safety-
critical functions, such as collision avoidance or emergency
braking coordination, demand millisecond response times.
Thus, computation must occur close to data sources, on vehi-
cles and Road Side units (RSUs), or nearby edge servers [103].
This distributed architecture ensures each vehicle or inter-
section makes instant local decisions while still coordinating
with other LLMs for cooperative maneuvers [104]. High-
speed V2X (vehicle-to-everything) communication enables
these LLM agents to exchange information with minimal
latency. The key supporting technologies include hierarchical
coordination. Some LLMs assume supervisory roles to coor-
dinate the actions of many agents and prevent conflicts [105].
Moreover, multimodal perception integration requires the
combination of visual sensor data, maps, and other inputs
with LLM inference to better understand the traffic environ-
ment [106]. LLM specialization can fine-tune some models
to accomplish expert tasks such as route optimization, event
analysis, or traveler communication. Multi-LLM can deliver
smart mobility services, automate tasks like traffic analysis
and simulation. By collaborating through both data-driven
and natural language exchanges, distributed LLMs collectively
make transportation networks safer, more efficient, and more
user-friendly.

Intelligent transportation is more complex than the previous
scenario and involves competitive adversaries among different
LLMs. Because in an automated traffic flow, different vehicles
may simultaneously use the same road. At this time, there is
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a debate over the benefits of both parties, as well as con-
siderations by the on-board LLMs regarding potential safety
hazards.

D. Low-Altitude Economy Network

LAENets are emerging as ecosystems of aerial platforms,
including delivery drones, urban air mobility vehicles, and
UAV-based wireless service nodes [107]. They operate in
the lower airspace to provide logistics, communication, and
sensing services [108]. Managing such a complex network of
autonomous agents requires multi-LLM collaboration to han-
dle the breadth of tasks and the highly dynamic environment.
A traditional centralized control or single AI model would be
hard-pressed to adapt to constantly changing conditions and
uncertainties. In contrast, a multi-LLM-powered distributed
team can divide responsibilities and operate concurrently. For
example, each drone’s LLM plans its route on the fly; a
network-management LLM optimizes communication links;
and a coordinator LLM oversees mission-level objectives
while deconflicting routes [109]. This division of labor allows
the system to scale and remain robust. Each LLM makes local
decisions using specialized domain knowledge, while sharing
essential information such as sensing, navigation, communica-
tions, delivery, etc. [107], to collectively adapt as conditions
change. Multi-LLM cooperation improves safety, negotiating
the right-of-way to prevent mid-air collisions. It also increases
efficiency, collectively scheduling routes to save energy and
time [110]. Meanwhile, it can boost resilience by avoiding
single points of failure. For instance, if one LLM encounters
a problem, others can assist or reroute tasks, providing fault
tolerance beyond any monolithic controller [111].

Edge computing and communication infrastructure are fun-
damental to deploying multi-LLM systems in LAENets [112],
[113]. Each drone is an edge node with limited compute
and battery, so only lightweight LLM models run onboard
for immediate decisions. Additionally, each drone must act
autonomously if a link drops, so local intelligence is indis-
pensable. Key enablers include coordination protocols for
LLM-driven drones to share state and plans, such as nav-
igation, communications management, and sensing. Then,
security is also critical. Robust authentication can prevent
malicious or faulty drones from disrupting the network [114].
Finally, intelligent resource management allocates commu-
nication bandwidth, computation, and energy among UAVs,
dynamically scheduling tasks and data flows to maximize
network performance [115]. By deploying collaborative LLMs
at the edge, LAENets become far more adaptive and reliable in
supporting next-generation drone delivery and aerial network
services.

LAENets is similar to intelligent transportation scenarios
and also involves three types of multi-LLM relationships.
Furthermore, it introduces more complex variables and con-
siderations in the spatial dimension.

E. Lessons Learned

The application of multi-LLM in mobile edge scenarios
shows great potential. However, based on the analysis of the
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above four scenarios, there are also many challenges, such as
resource constraints and high real-time requirements. With the
help of key technologies such as model compression, dynamic
resource orchestration, model context collaboration, privacy
protection, model fine-tuning, and multimodal information
fusion, the efficient deployment of multi-LLM in mobile edge
scenarios can be achieved, promoting the ubiquitous EGI.

IV. ENABLING TECHNOLOGIES OF MULTI-LLM FOR
EDGE GENERAL INTELLIGENCE

According to the lightweight characteristics for LLM to
empower EGI, we classify the key enabling technologies into
six categories. The following will elaborate respectively.

A. Model Compression

Edge deployment of LLMs is challenging due to limited
device resources, motivating research on lightweight archi-
tectures and model compression. Knowledge distillation is
a prevalent approach. For example, DistilBERT [116] and
TinyBERT [117] are compact models distilled from BERT
(Bidirectional Encoder Representations from Transformers)
that preserve most of its accuracy. The former retains 97%
of BERT’s performance with 40% fewer parameters, and the
latter achieves 96.8% of BERT-base accuracy while being
7.5x smaller and 9.4x faster. Another strategy is architec-
tural optimization. MobileBERT [118] introduces bottleneck
structures and a custom intermediate teacher model, yielding
a 4.3x smaller and 5.5x faster variant of BERT that matches
its accuracy on many tasks. Similarly, ALBERT [119] reduces
model size by factorizing embeddings and sharing parame-
ters across layers, achieving an order-of-magnitude parameter
reduction. Specifically, ALBERT-large has 18 M vs 334 M
parameters in BERT-large with minimal loss in accuracy. Other
techniques include pruning redundant weights and quantizing
model weights to reduce the memory footprint and inference
latency. EdgeBERT [120] exemplifies a combination of these.
It uses adaptive attention, selective pruning, and quantization
to fit BERT on edge devices, yielding up to 7x energy savings
in multi-task NLP (Natural Language Processing) inference.
Collectively, these innovations drastically reduce LLM model
size and computation, enabling LLM deployment within the
strict latency and memory constraints of edge computing.

Beyond single-model compression, lightweight multi-LLM
architectures at the edge often coordinate multiple small
models to meet real-time and resource constraints. The typical
scheme is as follows:

e Query routing & Cascaded Inference: It can send
each request first to a compact model and escalate
only hard cases to a larger model [121]. Additionally,
confidence-based gating or ensemble voting among local
LLMs enables distributed decision-making. For instance,
in intelligent transportation, an RSU runs a small LLM,
and if its prediction confidence is low, the query is for-
warded to a more powerful LLM (possibly in the cloud).
Such cascades dramatically reduce average latency and
energy by keeping most computation on low-cost mod-
els. In real-world deployments, these ideas appear in
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LLM integrating split training in 6G Mobile Edge Computing (MEC) in [36]. This adapter co-training approach keeps user data on-device and

drastically cuts communication, since only small adapter weights or token vectors are exchanged.

traffic forecasting and image-generation systems. For
example, the LSGLLM-E architecture partitions a city’s
road network into subregions and deploys a lightweight
spatio-temporal generative LLM on each RSU [122]. This
edge-based LLM captures local spatio-temporal correla-
tions and offloads work from the central cloud, achieving
superior accuracy and efficiency. Similarly, a synergetic
big-little framework co-trains a large cloud LLM with
multiple small edge LLMs [19]. The cloud model pro-
vides high-level guidance while edge models capture
local data, and a distributed training scheme aligns their
parameters.

¢ Cloud-Edge Co-Training: On the training side, this
scheme uses model-splitting and federated updates to
share learning between devices. For example, split learn-
ing (SL) [123] can partition an LLM between edge
and server so that only intermediate representations
are transmitted. Combining SL with LoRA (Low-
Rank Adaptation)-style adapters, multiple edge servers
can jointly fine-tune a shared model in parallel. One
study shows that integrating LoRA with parallel split
federated learning allows large-model fine-tuning on
edge GPUs in a reasonable time [36]. Fig. 5 shows
the technical route of it when applied to the 6G
edge.

o Lightweight Inference: At inference time, lightweight
strategies like cascades, adapters, and token filtering fur-
ther serve edge constraints. Confidence-based early exits
give an edge to LLM output easy tokens immediately and
offload only uncertain tokens for cloud processing [124].
Modular adapters enable a small model to be quickly
customized to local context without invoking the full
LLM. Even simple token pruning or split inference can
cut latency. Placing the transformer encoders at the edge
and only sending compact token embeddings to the cloud
means that only tokens need to be exchanged.

Together, these techniques meet stringent edge require-
ments. They yield low-latency answers and reduced energy
and communication costs by keeping most work on-device.

B. Dynamic Resource Orchestration

Edge-based LLM systems often employ early-exit and
adaptive resource strategies to meet strict latency/energy tar-
gets on constrained devices [125]. For example, EdgeBERT
uses an entropy-based early-exit policy to terminate infer-
ence at intermediate layers [120]. When confidence is high,
it can significantly cut computation and latency. Similarly,
CE-CoLLM [124] adopts a two-mode, cloud-edge pipeline.
In a low-latency edge-only mode, it runs a lightweight
early-exit LLM locally. While in a collaborative mode,
high-confidence tokens are handled on-device and only low-
confidence tokens (or residual computation) are offloaded to
a larger cloud model. These approaches exemplify single-
LLM orchestration. By combining early exits with adaptive
scheduling and judicious model splitting between edge and
cloud, they meet real-time constraints while saving energy and
bandwidth [32], [126].

Distributed LLM inference extends these ideas across mul-
tiple devices or model replicas using advanced routing and
scheduling policies.

o Learned Routing Policy: It assigns queries to differ-
ent models based on difficulty. For instance, Hybrid
LLM [127] trains a router to steer queries to a small
or large model by predicting each query’s hardness,
dynamically trading off cost and accuracy. In a similar
spirit, Agreement-Based Cascading (ABC) builds a cas-
cade of increasingly powerful models and uses ensemble
agreement at each stage [128]. If a small-model ensemble
agrees confidently, inference stops locally. Otherwise,
it cascades the query to a bigger model. ABC’s data-
dependent routing yields large savings in cloud traffic
while preserving accuracy.

o Edge-oriented Framework: It also performs cooperative
scheduling and load balancing across devices. EdgeShard,
for example, formulates a joint device-selection and par-
tition problem. It shards the LLM across heterogeneous
edge nodes and uses a dynamic-programming algorithm
to allocate layers to devices, so as to minimize latency
and maximize throughput [84], as shown in Fig. 6.
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Fig. 6. The framework of EdgeLLM in [84]. It includes offline analysis, task scheduling optimization, and online collaborative LLM inference.

Likewise, Tian et al.’s synergetic big-cloud/small-edge
architecture [19] trains and deploys a large cloud model
alongside many tiny edge models. It uses a distributed
task-oriented protocol, so that lightweight edge models
handle common tasks locally. While the big model refines
or assists only when needed, it harnesses collaborative
intelligence to reduce latency and network load.

o Multi-Agent Scheduling: The MASITO
framework [129] wuses cooperating DRL (Deep
Reinforcement Learning) agents on each edge server
to schedule inference tasks and offloading under
time/energy constraints. Then, it can effectively balance
load and optimize accuracy across the network.

In summary, edge LLM orchestration now spans learned
routers, cascaded ensembles, cooperative load distribution,
and multi-agent DRL-based task allocation. All are designed
balancing efficiency, accuracy, and latency in heterogeneous
edge environments.

C. Model Context Protocol

The information transmission between LLMS and between
LLMS and user cannot be done without the Model Con-
text Protocol (MCP) [130]. Recent work on LLM context
management focuses on compressing or streaming the input
to fit edge constraints. For example, the In-Context Autoen-
coder (ICAE) trains a light-weight autoencoder to summarize
a long input context into a small set of memory slots.
It achieves roughly 4x context compression with minimal
extra parameters [131]. This allows the LLM to condition on a
much shorter representation of the full history, reducing GPU
memory and latency. Similarly, Edgelnfinite [132] introduces
a trainable memory-gating module within the Transformer.
During inference, it keeps a few attention sink tokens and a
sliding window of recent tokens in the KV (Key Value) cache,
while compressing older tokens into a compact memory block.
This gating mechanism is pretrained to preserve key semantic
and positional information, enabling effective infinite-context
inference on edge devices with little overhead.

Coordinating multiple LLMs on the edge introduces addi-
tional protocol complexity for sharing context among models.
The specific methods are:

Individual LLM

User 2

Fig. 7. Distributed MoA system model in [133]. Each device has its
local prompt and makes inferences through the local LLM. Meanwhile, these
prompts are sent to neighboring LLMs for reasoning, and then their responses
are aggregated by one LLM.

o Model-Distributed Inference: One strategy is model-
distributed inference, exemplified by MDI-LLM [134].
In this approach, a single-generation task is split across
multiple devices. The LLM’s layers are partitioned among
nodes, which pipeline their computation to reduce idle
time.

o Separate Private and Public Memory Banks: Another
class of protocols treats memory by separating private
vs. shared memory banks. For instance, the collaborative
memory framework [135] proposes a two-tier memory
architecture per LLM. Each model instance on an edge
device maintains a private memory for its user-specific
interactions and a shared memory for knowledge that
can benefit others. When an LLM completes a query,
it decides whether to write the interaction into shared
memory or keep it private. Under limited edge resources,
this selective sharing prevents unnecessary duplication
while still enabling cross-LLM context reuse.

o Retrieval-based Memory Fusion: It is another related
technique. For example, in the Memory Sharing (MS)
framework [136], each agent logs its queries and answers
as discrete memories. A communal memory store aggre-
gates (prompt, response) pairs from many LLMs. When
an LLM answers a new prompt, it performs retrieval
over this shared pool to find relevant examples from
other agents’ experiences. These retrieved examples are
then concatenated into the in-context prompt, effectively
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fusing external context into the local inference. In [136],
MS aids agents in identifying the most relevant exam-
ples for specific tasks by pooling memories across the
network.

o P2P Prompt Exchange Protocol: This type of protocol
represents the exchange of context among LLMs without
a central server [28], [41]. In the Mixture-of-Agents
(MoA) system [133], each device runs its LLM, and the
devices intermittently communicate, as shown in Fig. 7.
When a user generates a query, the device may broadcast
that prompt to neighboring LLMs. Meanwhile, one LLM
collects these multiple proposals and resolves them into
a final answer. The P2P network ensures that updates
propagate locally, but edge nodes have limited memory,
the system must limit how many prompts sit in queues.

o Agent-to-Agent (A2A) Protocol: A core class of coor-
dination mechanisms, the A2A protocol serves as the
communication backbone for multi-LLM systems [137],
enabling structured interaction and task collaboration
between individual LLM agents. This protocol defines
standardized rules for information exchange, task del-
egation, and result aggregation, thereby transforming a
collection of LLMs into a unified, goal-oriented system.

D. Privacy Protection

In edge deployments of a single LLM, privacy protection
often relies on minimizing data exposure and securing on-
device computation. For example, data sanitization can strip
personal identifiers from user inputs. As demonstrated by
Rescriber [138], a system that helps users redact personal
data from prompts and thereby reduces unnecessary disclosure.
Local inference is also a key measure. By running the model
entirely on the edge device, no raw user data needs to be
sent to external servers, thereby keeping all personal inputs
localized [139]. Additionally, advanced hardware and crypto-
graphic safeguards are often employed. For instance, Trusted
Execution Environments (TEE) encrypt and isolate model
execution to protect data in use [140]. Finally, Differential
Privacy (DP) techniques can be applied to model outputs or
intermediate representations. Injecting calibrated noise into
on-device embeddings can prevent user text from being exactly
reconstructed downstream [141]. Together, these measures,
including data minimization, local execution, encryption, and
DP, form a layered defense that has become standard in edge
LLM inference.

In edge-based multi-agent or multi-model settings, enhanced
privacy measures are essential.

o Federated Learning: It has been widely proposed
for LLMs to train or fine-tune shared models without
exchanging raw data [142], [143]. Each device updates
a local copy of the LLM, and only encrypted model
deltas or gradients are shared, keeping user data on-
device. However, even gradient updates can inadvertently
leak information, so federated LLM frameworks typically
layer on extra defenses. For instance, differential privacy
or cryptographic masking can be applied to updates. They
may be randomly perturbed or aggregated through secure
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multi-party computation so that individual contributions
remain obscure [140].

o Cryptographic Methods: Likewise, this type of method
allows LLMs to jointly infer without revealing inputs.
One example is secure multi-party decoding, which con-
fines user prompts to a TEE when collaborating with
another LLM [144]. Emerging zero-knowledge proof
techniques have also been explored to enable verification
of LLM outputs without disclosing the inputs [145].

¢ Role-based or Context-Aware Policies: These policies
can restrict cross-LLM data flow. For example, Shi et al.
[146] introduced the Embedded Privacy-Enhancing
Agents (EPEAgents). In this framework, each LLM might
declare its role, and an embedded privacy LLM can filter
communications so that only context-relevant information
is shared with each model.

Furthermore, LLMSs notoriously memorize training exam-
ples. Thus, adversarial prompts can trigger a model to regur-
gitate training data, undermining privacy protections [140].
These cross-LLM leakage and adversarial memorization
attacks demonstrate that federated or encrypted LLMs still
need robust DP, secure aggregation, and strict access controls
to fully protect user data in multi-LLM edge deployments.

E. LLM Fine-Tuning

Edge computing provides a decentralized computing
paradigm, bringing LLMs closer to data sources and users.
In general, LLM fine-tuning for edge computing, the fol-
lowing aspects are mainly focused on. First, LoRA freezes
the pre-trained weights of the LLM and introduces trainable
low-rank matrices to adapt the model to specific edge tasks.
For example, in some smart home applications, LoRA can be
used to fine-tune LLMs on edge devices to better understand
and respond to user voice commands [147]. Additionally,
Quantization-aware Training (QAT) simulates the quantization
process during fine-tuning to reduce the model’s precision
without significantly affecting its performance. For instance,
the Edge-LLM framework adopts QAT to enable efficient
LLM adaptation on edge devices [148]. The Edge-LLM
framework also incorporates model pruning. By analyzing
the sensitivity of different layers of the LLM to pruning,
it dynamically allocates pruning sparsity for each layer. Then,
it can effectively reduce model redundancy and improve
computational efficiency.

In multi-LLM edge computing scenarios, LLM fine-tuning
in this context has its unique aspects:

o Federated Fine-Tuning: Similar to federated learning,
federated fine-tuning enables multiple edge devices to
collaboratively fine-tune LLMs without directly sharing
raw data [148]. Each device fine-tunes a local copy of the
LLM based on its data and shares model updates with
a central server or other devices. The server aggregates
these updates to improve the global model. In [149],
Zhang et al. proposed the Federated Instruction-Tuning
(FedIT) framework, as show in Fig. 8§ where the local
training operations are performed at the client side, and
scheduling and aggregation operations are performed at
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the server side. Then, to protect data privacy, techniques
like differential privacy and secure multi-party computa-
tion can be applied to the shared updates [150].

o Split Learning for Fine-Tuning: By segmenting the
model and conducting collaborative training among mul-
tiple clients and servers, it can effectively reduce the
computational and communication burden of a sin-
gle client, thereby empowering the fine-tuning of the
multi-LLM [151]. For instance, in the SplitLoRA frame-
work [152], only activation and gradients need to be
exchanged between the client and the server, rather than
the entire LLM, which significantly reduces the commu-
nication bandwidth requirements. Furthermore, in edge
computing, the network conditions of different devices
vary greatly. The low communication overhead feature of
SL makes it more suitable for heterogeneous networks,
which can better meet the deployment requirements of
LLM in different regions and under different network
conditions.

o Transfer Learning-based Fine-Tuning: One LLM can
be fine-tuned as a base model on a general edge task and
then transferred to other related edge tasks for further
fine-tuning [30]. This leverages the knowledge learned
from the base model, reducing the amount of data and
computational resources needed for fine-tuning on new
tasks. For instance, an LLM fine-tuned on a general
natural language processing task on edge devices can be
transferred to specific tasks like edge-based smart cus-
tomer service or smart education. It requires only minimal
additional fine-tuning to achieve good performance.

In multi-LLM edge computing, fine-tuning faces challenges
such as model compatibility, communication overhead, and
data privacy protection. Ensuring the effective fine-tuning
of multi-LLM while meeting the real-time and privacy
requirements remains an active research area.

F. Multimodal Information Fusion

In edge computing, LLMs must process and fuse multi-
modal data to adapt to the complex environment of edge
devices [153], [154]. In computer vision tasks like image
description generation and visual question answering, LLMs
can be combined with visual models. For instance, a pre-
trained vision transformer extracts image features, which are
then fused with text prompts input into the LLM to generate
coherent and accurate textual descriptions. For instance, the
LLM-Fusion model [155] leverages LLMs to integrate rep-
resentations such as selfies, text descriptions, and molecular
fingerprints for precise property prediction. Furthermore, LLM
can also fuse multimodal sensor data to achieve various tasks.
For example, You et al. [156] proposed a multimodal data
fusion method based on LLM and attention mechanisms for
traffic applications. It processes sensor and text data from
vehicles and roads to improve traffic prediction accuracy. This
technology will enable the scenarios described in Section III
to yield benefits. For instance, in smart grid inspections, the
images captured by the drones and the data collected by the
sensors complement each other to construct a comprehensive
assessment of the power facility status.
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Moreover, in multi-LLM edge computing environments,
multimodal information fusion exhibits different characteris-
tics and advantages:

« Collaborative Fusion of Multiple Models: Multi-LLM
systems can collaboratively fuse multimodal data. Each
LLM can process specific modalities or modal combina-
tions. The results are then fused and cross-validated to
improve fusion accuracy and robustness. For example,
one LLM can focus on processing visual data while
another handles textual data. The fusion results from both
models are combined for comprehensive scene under-
standing and decision-making [41].

o Specialized Fusion Strategies: Multi-LLM can adopt
specialized fusion strategies based on the character-
istics of different modalities and tasks. For instance,
in multimodal recommendation systems, some LLMs
can specialize in extracting user preferences from text
data, while others analyze image or audio data to pro-
vide supplementary information. The fusion results help
generate more personalized recommendations. A survey
on multimodal recommendation systems in the LLM
era highlights the advantages of integrating LLMs into
multimodal recommenders, such as advanced preference
summarization, context-aware fusion, and personalized
content generation.

« Attention-based Fusion: This approach is highly effec-
tive in multimodal applications as it can handle noise and
uncertainties in multimodal data. For example, Q-Former
uses attention mechanisms to align multimodal features
before generating the final output through LLM [157].
Then, researchers directly embedded the adapter into the
LLM and allowed for end-to-end training that included
alignment [158]. In a multi-LLM system, each LLM can
process different modalities or modality combinations
using its attention-based fusion module. The fused results
are then combined to produce the final output. This
method allows for in-depth exploration of the relation-
ships between modalities and focuses on the important
information in each modality.

¢ Cross-modal Feature Alignment: Techniques such as
the Att-Sinkhorn [159] method combine the Sinkhorn
metric with attention mechanisms to address the optimal
transport problem between probability distributions of
different modalities, thereby improving the accuracy of
multimodal feature alignment. In multi-LLM systems,
cross-modal feature alignment can be used to align
multimodal features from different LLMs into a shared
semantic space. This enables better collaboration and
information sharing among LLMs, enhancing the overall
performance of multimodal fusion.

Overall, multi-LLM provides unique advantages for multi-

modal information fusion. They are natural benefits brought
by multiple perspectives.

G. Lessons Learned

According to the analysis of the above key technologies,
achieving the synergy of multiple LLMs on the edge side
needs to take the “performance-resource-security” triangular
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Fig. 8. FedIT framework in [149]. All the dense layers of each LLM are introduced into a parallel LoORA module. Thus, the number of trainable parameters
is significantly reduced, thereby lowering the computational and communication overhead.

constraint as the core. Multimodal information fusion and
model context protocols have enhanced the performance of
EGI, but lightweight and resource orchestration are required
to address the bottleneck of resource constraints. In addition,
privacy protection and fine-tuning strategies are implemented
to ensure the reliability and accuracy of the generated content.
Therefore, in the future, it is necessary to focus on these three
aspects to break through the triangle limitations.

V. TRUSTWORTHY MULTI-LLM FOR EDGE COMPUTING

In this section, we emphasize the trustworthiness challenges
of multi-LLM and design a blockchain-based approach as a
tutorial. Subsequently, we also summarize the publicly avail-
able datasets related to multi-LLM, intending to contribute to
the support of various EGI tasks.

A. A Case Study of Trustworthy Multi-LLM for EGI

In edge computing, devices are often in open wireless
scenarios and are vulnerable to various attacks. Further-
more, edge devices are scattered, and the environment is
complex, with high security threats. These factors will
all weaken the response trustworthiness when multi-LLM
empowers the edge. The term “trustworthiness” here primarily
refers to the authenticity and reliability of the response,
ensuring it can provide excellent services to users without
being maliciously tampered with by attackers. Specifically,
the potential factors influencing credibility in multi-LLM
are:

« Difficult to Determine the Response Trustworthiness:
Different LLMs use different corpora, training methods,
and scenario orientations, resulting in differences in the
output for the same problem. Although there are ways of
collaboration, competition, and integration, it is difficult
to determine which output has the best specific credibility
and quality.

o Threat of Malicious Behavior: Once the deployed
device is dishonest, the content generated by the LLM
may generate misleading responses due to viruses, Tro-
jans, or the operator’s intentions. Furthermore, there
are currently malicious models deliberately designed to
actively deceive users and obtain illegal data privacy and
economic benefits, such as WormGPT [160].

o Defects of the Collaboration Framework: Traditional
Multi-LLM relies on the coordinated response of the
central node, while it may be maliciously attacked or fail,
thereby leading to the risk of Single-Point Failure (SPF)
[161], [162]. Meanwhile, the centralized coordination
approach also has bottlenecks in terms of efficiency [163].
Furthermore, the existing collaboration frameworks are
unable to verify the credibility of LLM devices and
responses, and malicious LLMs may contaminate the
collaboration results [164].

o Lack of Transparency and Traceability: The inter-
active cooperation of multi-LLM, although it improves
the response quality, leads to an untraceable source of
the response due to the opacity of the collaboration
mode. If the source of the generated content cannot be
traced, it will not be easy to audit the reliability of the
response [165], [166].

1) Blockchain-driven multi-LLM: Fortunately, as a decen-
tralized ledger technology, blockchain can drive this
multi-LLM system safely and efficiently, thereby providing
a reliable optimization method for edge networks. On the one
hand, blockchain consensus enables multi-LLMs to respond
with the best quality without relying on trusted third parties,
overcoming the SPF and efficiency bottlenecks of centralized
coordination [167], [168], [169]. On the other hand, the
immutability and traceability of blockchain ensure the credibil-
ity of the responses generated in the multi-LLM system [164],
[170], [171]. Here, based on the work in [41], we introduce
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Fig. 9. The blockchain-driven trustworthy multi-LLM system in [41]. In a
multi-LLM framework, every response generated by a specific LLM for a user
undergoes verification and cross-comparison across all participating LLMs.
This mechanism guarantees that the system delivers to users the most reliable
answers.

how blockchain drives multi-LLM collaboration. As shown in
Fig. 9, the specific five steps of this method are as follows:

¢ User Initiation: An individual submits a query to a
reliable multi-LLM system.

o« LLM Response Creation: Every LLM within the sys-
tem formulates an answer tailored to the user’s query.
Subsequently, these LLMs communicate with one another
through broadcast protocols within the blockchain’s P2P
network.

o Blockchain Consensus Mechanism: Achieving consen-
sus is crucial for identifying the best response among
those generated by different LLMs. It implements a
voting-based consensus to evaluate and choose the final
output. The designated consensus nodes then transmit this
result back to the user.

o Block Formation: The top-ranked response decided by
the blockchain consensus process is encapsulated into a
block. To safeguard the security, immutability, and trace-
ability of the consensus outcome, the block incorporates
the hash value of the optimal solution along with its
corresponding timestamp.

o Blockchain Extension: Blocks holding the consensus
results are appended to the blockchain and are stored in
a decentralized fashion across smart devices that host the
LLMs.

Furthermore, Luo et al. [28] designed a Weighted Byzantine
Fault Tolerance (WBFT) consensus based on response quality
and trust value. In this consensus, the voting rights of each
LLM are jointly determined by its generated content ability
and credibility. The proportions of these two in the voting
weights are o and [ respectively. This setting significantly
enhances the voting rights of LLMs with high generation
capabilities and credibility, and weakens the influence of
malicious LLMs on the trustworthy multi-LLM system. The
LLMs in this WBFT-driven trustworthy multi-LLM system are
interconnected by Python mobilizing their interfaces. It runs
on a high-performance server equipped with a 96-core Intel(R)
Xeon(R) Gold 5220R CPU @ 2.20 GHz and 1 TB memory.

Then, the authors gathered 15 volunteers from all over the
world to rate the generation capabilities of individual LLMs,
multi-LLM without blockchain participation, and the trustwor-
thy multi-LLM system driven by WBFT. When the values of
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Fig. 10. The comparison of users’ ratings of various LLM schemes in [28].
This result demonstrates the advantages of the multi-LLM system over a single
LLM, and also reflects the importance of trustworthiness to the multi-LLM.

« and [ are different, the average score statistics of these
schemes are shown in Fig. 10. This comparison result fully
demonstrates the advantages of trustworthy multi-LLM driven
by blockchain consensus in providing services for users, which
is significantly superior to a single LLM and the multi-LLM
system without blockchain participation. Also, the verification
results of different values of o and [ reflect the importance
of LLM response quality for user satisfaction. Conversely, this
work also reveals the crucial impact of LLM credibility on the
WBFT consensus performance.

2) Trustworthy Multi-LLM for EGI: The multi-LLM system
integrating blockchain can bring more benefits to the EGI sce-
narios. We take the four scenarios in Section III as examples
to elaborate on them respectively.

o Elderly Care: The collaborative verification of medical
advice by multiple LLMs can avoid incorrect decisions
caused by the illusion or bias of a single model. On this
basis, the immutability of blockchain ensures that sen-
sitive health data is only recorded after being encrypted,
meeting the compliance requirements for medical privacy.
In addition, this system can also prevent the compro-
mised wearable device LLM from sending fake alerts,
such as false fall detection, ensuring the authenticity of
emergency responses.

o Smart Grid Inspection: Multiple LLMs collaboratively
analyze sensor data and drones images, and avoid missed
detection by a single model through cross-validation.
The participation in blockchain consensus requires the
majority of LLMs to reach an agreement before triggering
an alert, significantly reducing the rate of false alerts.
Meanwhile, all inspection operations, such as equipment
status updates and maintenance instructions, will be
recorded on the chain. This will facilitate the tracking
of responsible parties and prevent internal personnel or
external hackers from tampering with the data.

« Intelligent Transportation: When intersection LLMs
collaborate with vehicle LLMS to optimize traffic lights
and path planning, blockchain consensus can prevent
malicious nodes from forging traffic data, such as
false congestion reports, and prevent traffic paralysis or
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accidents. Furthermore, vehicle sensor data needs to be
verified by multiple LLMS before being used for global
scheduling to prevent invaded vehicles from sending
misleading information.

o LAENets: When multiple LLMs negotiate flight paths in
real time, blockchain consensus can prevent malicious
drones from sending false position data and causing
collisions. Meanwhile, the instruction sources and exe-
cution results of logistics or communication tasks are
recorded on the chain, facilitating dispute traceability and
efficiency optimization.

B. Open-Source Datasets

High-quality data plays an important role in the training
and performance evaluation of multi-LLM. In this section,
we outline the publicly available datasets related to multi-
LLM. Table III lists the brief introductions of these datasets.

« FSPO (Few-Shot Preference Optimization):
Singh et al. [172] designed FSPO.® It uses a very
small amount of real user preference to optimize the
LLMs and make its output more in line with the
preferences of specific individual users.

« BabbleBeaver’: It provides some prompt examples
for multiple LLMs, which can facilitate conversations
among LLMs, including OpenAl, Google Gemini, Mis-
tral, Anthropic, Cohere, Ollama, etc.

o MMLU!°: This is a large-scale multi-task test dataset
used to measure the model’s ability to understand
multi-domain knowledge and solve problems, aiming
to assess the model’s ability to understand and solve
problems in a wide range of knowledge domains.

o LLM-QA!!: It is used to evaluate the accuracy of multi-
ple LLMs on multiple-choice tasks. By comparing their
performances, identify the model that performs best on a
specific task.

o GSMSK'?: It is used for training and evaluating the
abilities of different LLMs in solving primary-school
mathematics. Specifically, it helps the model learn to
identify its own mistakes and try repeatedly until the
correct solution is found.

o ChatGLM'’: The dataset mentioned by ChatGLM is a
history-related dataset used for fine-tuning LLMs to build
a Chinese chatbot. It provides some prompts in JSON
format.

VI. FUTURE RESEARCH DIRECTIONS

Although the capabilities of multi-LLM in model compres-
sion, resource orchestration, model context protocol, privacy
protection, LLM fine-tuning and multimodal information
fusion are impressive, its application in edge computing is still
in its early stages. This section aims to explore the research
directions related to multi-LLM-enabled EGI.

8https://github.com/Asap7772/fewshot-preference-optimization
9https://github.com/open-build/BabbleBeaver/tree/main
10https://huggingface.co/datasets/cais/mmlu
https://github.com/collectioncard/LLM-QA-Analysis/tree/main
12https://openai.com/index/solving-math-word-problems/
Bhttps://github.com/SchweitzerGAO/awesome-chinese-chatbot
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A. Lightweight Multimodal LLM

Current research has confirmed that lightweight multimodal
models are of great significance for resource-constrained
environments such as edge computing. For example, in the
field of multimodal emotion recognition, existing studies have
proposed a lightweight neural network architecture. It only
uses approximately 2.7 M of parameters when analyzing mul-
timodal information [173]. In the future, on this basis, model
compression and optimization techniques such as quantization,
pruning and knowledge distillation can be further explored to
further reduce the model size and computational complexity,
enabling it to run more efficiently on edge devices.

In terms of efficient architecture design, the design concepts
of lightweight networks such as MobileNet [174] can be drawn
upon to design structures such as depth-separable convolu-
tion, suitable for multimodal data processing. This method
can reduce parameter redundancy and improve computational
efficiency. In addition, it is necessary to study the hardware
adaptation and acceleration technologies of multimodal mod-
els in view of the characteristics of edge computing. For
instance, collaborate with chip manufacturers to optimize the
execution efficiency of models on specific hardware platforms,
or develop specialized edge Al chips to support the efficient
operation of lightweight multimodal models.

B. Cross-Domain Generalization

Realizing cross-domain generalization capability is one
of the key challenges faced by multi-LLM systems. Exist-
ing studies have begun to focus on how to improve the
adaptability of the model in different fields. For example,
through domain adaptation algorithms such as adversarial
training [175], the feature differences between the source
domain and the target domain can be reduced, and the gen-
eralization performance of the model in new domains can be
improved. In the future, it is necessary to further develop more
effective domain adaptation algorithms and explore how to
achieve cross-domain knowledge transfer and integration in
multi-LLM systems. By constructing knowledge graphs and
other means to integrate semantic information from different
fields [176], it provides the model with richer background
knowledge and helps it make more accurate decisions in cross-
domain tasks.

In addition, optimizing the pre-training and fine-tuning
strategies is also an important direction for improving the
cross-domain generalization ability [177]. Multi-domain data
can be adopted for pre-training, enabling the model to learn
broader general knowledge at the initial stage. In the fine-
tuning stage, the method of transfer learning is adopted to
make targeted adjustments to the model according to the
characteristics of the target domain.

C. Trustworthy Al Governance

Improving the credibility of the multi-LLM system is the
key to achieving its wide application [178]. In terms of model
transparency and interpretability, it is necessary to study in the
future how to provide a reasonable explanatory basis for the
output of the model. For example, develop an interpretation
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TABLE III
OPEN-SOURCE DATASET RELATED TO MULTI-LLM

Dataset Description Composition

FSPO A dataset for personalizing different LLMs Contain a dataset with preferences
BabbleBeaver A prompt word dataset for multiple LLMs Provide 50 typical prompt words

MMLU A dataset for testing the performance of different LLMs Include 15,908 questions from 57 disciplines
LLM-QA A dataset for testing the selection accuracy of multiple LLMs Contain 30 question-answer pairs

GSMS8K A primary school mathematics dataset for evaluating multiple LLMs Contain 8,500 question-answer pairs
ChatGLM A historically relevant dataset for pre-training multiple LLMs Provide some prompts in JSON format

generator and adopt technologies such as attention mechanism
visualization to demonstrate the concerns and reasoning paths
of the model when dealing with multimodal data.

Enhanced security and robustness are also important com-
ponents of trusted Al governance. The security design of
the multi-LLM system needs to be further strengthened, and
techniques such as adversarial training and data augmenta-
tion should be adopted to improve the robustness of the
model [179]. Meanwhile, study the vulnerability detection
and repair methods of the model to promptly identify and
solve potential security issues. In terms of privacy protec-
tion mechanisms, advanced cryptographic technologies are
adopted to achieve collaborative processing of multimodal data
without disclosing data privacy, preventing data leakage and
abuse [180]. Furthermore, accountability for the multi-LLM
system is also very important. When multiple LLMs work
together, if they provide incorrect judgments for edge users,
it could lead to potential losses. One promising approach is to
use blockchain to record the process of collaboration, debate,
and integration among LLMs, so that it can be audited later.

D. Multi-LLM Reasoning

Reasoning methods are crucial for the multi-LLM system
because they significantly enhance its ability to handle com-
plex tasks and improve the reliability of decision-making.
The multi-LLM system combined with Retrieval Enhanced
Generation (RAG) and Retrieval Enhanced Perception (RAP)
can handle multimodal data more efficiently and improve the
accuracy and relevance of the generated content [181], [182].
For example, when dealing with complex image description
tasks, the multi-LLM system can generate more detailed
descriptions by retrieving relevant image and text information.
In the future, the collaborative mechanism of multiple LLMs
in RAG and RAP can be explored to optimize the retrieval
strategy and enhance the complementarity among models.

Additionally, Chain of Thought (CoT) can enhance the
reasoning ability in complex tasks by simulating the human
step-by-step reasoning process in multi-LLM systems [183].
For example, multi-LLM systems can achieve more detailed
reasoning steps by decomposing problems and assigning them
to different expert models. Meanwhile, the world model,
as a structured framework integrating the laws and physical
rules of the real world, can eliminate cognitive conflicts
among LLMs and bring core advantages such as cogni-
tive consistency and task collaboration to the multi-LLM
system [184]. Furthermore, agentic Al can simulate the
autonomous decision-making and interaction of agents in

multi-LLM systems [185], [186], achieving more efficient
information sharing and collaborative work to handle complex
dynamic tasks.

VII. CONCLUSION

This survey comprehensively explores multi-LLM systems
in edge computing, with a focus on their evolution from
traditional edge artificial intelligence models to individual
LLMS and then to multi-LLM systems. It discusses the
typical application scenarios of this example, thereby leading
to key supporting technologies such as model compression
and dynamic data. Meanwhile, the survey emphasizes that
multi-LLM needs to make robust decisions and provide reli-
able responses in an environment with high reliability and
privacy. After providing relevant open-source data, the survey
also discussed future research directions, including lightweight
architecture, trusted governance and other issues. Overall,
multi-LLM systems have demonstrated great potential in pro-
moting the development of edge computing towards more
intelligent and autonomous applications, effectively meeting
the demands of our complex digital world.
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