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Abstract

Generative artificial intelligence (GenAI), particularly large language models (LLMs), has revolutionized various applications

by producing coherent and contextually relevant text. However, despite their advancements, LLMs are prone to hallucinations-

instances where the AI generates inaccurate or fabricated information. Retrieval-augmented generation (RAG) has emerged

as a technique to enhance GenAI by integrating external knowledge sources beyond the model’s training data. While RAG

improves factual grounding, it alone cannot fully eliminate hallucinations. To address this limitation, agentic workflows that

incorporate external tools such as APIs, search engines, and self-reflective mechanisms offer a promising solution. These

workflows enable models to iteratively assess and refine their outputs, thereby reducing errors and enhancing factual accuracy.

This paper presents a novel framework that combines agentic workflows with RAG within 6G networks to achieve more reliable

generative AI by deploying autonomous agents that reflect on outputs and leverage real-time knowledge from external sources

to improve response quality and accuracy. We explore the deployment of these workflows in 6G-enabled edge environments,

facilitating scalable, real-time knowledge integration and model refinement. Our framework addresses current limitations in

RAG-enhanced services by utilizing 6G edge intelligence for data fusion, dynamic knowledge base updates, and customizable

AI service delivery. Through a multi-agent system comprising generator and critic agents, we effectively reduce hallucinations

via iterative self-criticism, paving the way for more reliable and accurate generative AI services across diverse applications.
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Abstract | Generative artificial intelligence (GenAI), particularly large language models (LLMs), 
has revolutionized various applications by producing coherent and contextually relevant text. 
However, despite their advancements, LLMs are prone to hallucinations—instances where the AI 
generates inaccurate or fabricated information. Retrieval-augmented generation (RAG) has 
emerged as a technique to enhance GenAI by integrating external knowledge sources beyond the 
model’s training data. While RAG improves factual grounding, it alone cannot fully eliminate hal-
lucinations. To address this limitation, agentic workflows that incorporate external tools such as 
APIs, search engines, and self-reflective mechanisms offer a promising solution. These workflows 
enable models to iteratively assess and refine their outputs, thereby reducing errors and enhanc-
ing factual accuracy. This paper presents a novel framework that combines agentic workflows 
with RAG within 6G networks to achieve more reliable generative AI by deploying autonomous 
agents that reflect on outputs and leverage real-time knowledge from external sources to improve 
response quality and accuracy. We explore the deployment of these workflows in 6G-enabled 
edge environments, facilitating scalable, real-time knowledge integration and model refinement. 
Our framework addresses current limitations in RAG-enhanced services by utilizing 6G edge intel-
ligence for data fusion, dynamic knowledge base updates, and customizable AI service delivery. 
Through a multi-agent system comprising generator and critic agents, we effectively reduce hal-
lucinations via iterative self-criticism, paving the way for more reliable and accurate generative AI 
services across diverse applications. 
 
Introduction 
 
Generative artificial intelligence (GenAI)[1] has transformed numerous fields, from healthcare and 
marketing to education and manufacturing, through its ability to generate human-like text and 
other content. However, one of the most pressing challenges in GenAI models including large 
language models (LLMs)[2], such as BERT[3], LLaMA[4], and ChatGPT[5],  and large vision models 
(LVMs)[6], multimodality models such as ImageBind[7], Gimini[8], and Sora[9],  are the tendency 
to hallucinate[10][11]—producing information that is either inaccurate or entirely fabricated[12]. 
While some hallucinations may be benign, such as incorrect trivia, others, like fabricated legal 
precedents or falsified medical advice, pose significant risks to users and systems alike. 
 
Retrieval-augmented generation (RAG)[13] has emerged as a powerful tool to mitigate hallucina-
tions by incorporating knowledge beyond a model’s fixed training set. By allowing models to ac-
cess external data sources during the generation process, RAG enhances factuality and improves 
the relevance of the output. However, RAG alone is insufficient to fully eliminate hallucinations, 
especially in complex or highly specialized tasks. To address this, agentic workflows—leveraging 
external tools such as APIs[14], search engines, and self-reflective mechanisms[15]—have shown 
promise. These workflows enable models to iteratively assess and refine their outputs, creating a 
feedback loop that significantly reduces errors and improves factual accuracy. 
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Humans rarely tackle complex problems using only their bare hands; instead, we employ a variety 
of tools, deconstruct tasks into manageable components, and iteratively refine our solutions. Sim-
ilarly, agentic workflows provide a framework for AI to adopt a more structured and reflective 
approach to problem-solving. By breaking down tasks into subtasks, utilizing prompt-engineering 
strategies, and incorporating self-reflection mechanisms, agentic systems can significantly en-
hance AI performance. Additionally, recent advancements such as memory-tuning—an innovative 
technique pioneered by Lamini[16] with a reported 95% success rate—have further augmented 
the ability of AI models to evolve and improve over time. 
 
In this paper, we introduce a novel framework that integrates RAG with agentic workflows within 
the context of 6G networks[17][18] and edge computing[19] to bolster the reliability of generative 
AI. Our approach involves deploying autonomous agents, specifically a generator agent and a 
critic agent[20][21], which collaborate to perform iterative self-criticism and content refinement. 
This process effectively reduces hallucinations—instances where AI generates inaccurate or fab-
ricated information—and enhances the overall quality and factual accuracy of the generated out-
puts. Furthermore, we explore the implementation of this framework in 6G-enabled mobile edge 
computing environments, which facilitate scalable and real-time integration of multimodal data 
sources, thereby supporting continuous improvement of AI models. 
 
The remainder of this paper is organized as follows: we begin by outlining the current limitations 
of RAG and GenAI models. Next, we discuss the challenges associated with deploying these tech-
nologies in 6G network environments. Finally, we present the potential of agentic workflows to 
effectively address these issues, demonstrating how our proposed framework can achieve more 
reliable and accurate generative AI services. 
 
Self-Reflection and Game Theory  
 
In the context of enhancing GenAI accuracy, self-reflection[20] serves as a critical component of 
agentic workflows. This concept involves prompting models, particularly LLMs, to critique their 
own outputs iteratively. The mechanism allows for the identification and resolution of errors such 
as factual inconsistencies or inefficiencies. Self-reflection can be as simple as prompting the LLM 
to re-evaluate a previously generated response and assess its accuracy, efficiency, or appropri-
ateness for the task. Through this iterative process, models generate more refined and accurate 
responses, whether in coding tasks, knowledge generation, or other AI applications. 
 
While self-reflection allows for internal refinement, it can be significantly enhanced by introduc-
ing multi-agent frameworks, where a generator agent and a critic agent interact [21]. In fact, mul-
tiple critic agents can be employed, each designed to evaluate distinct aspects of the output. The 
generator agent creates content, and the critic agent provides constructive feedback to improve 
it. Game theory principles[22] can guide this interaction, framing the relationship as a cooperative 
game where both agents aim to maximize the accuracy and reliability of the final output. By iter-
atively improving through feedback and reflection, the two agents can drive the generative pro-
cess toward optimal outcomes. The critic agent evaluates the output by incorporating external 
tools such as APIs and IoT-based factual information[23], further enhancing the GenAI's accuracy. 
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Figure	1	 IoT-Enhanced	Prompts	and	Self-Reflection,	and	Game-Theoretic	Critique	 in	a	6G	Network.	 In	 this	
framework,	IoT	devices	in	a	6G	network	supply	additional	context	to	the	generator	agent,	enabling	more	accurate	
outputs	from	Large	Language	Models	or	other	generative	models.	The	generator	agent	employs	internal	self-reflec-
tion	to	refine	its	content,	while	a	separate	critic	agent—using	a	game-theoretic	approach—evaluates	and	critiques	
the	generated	results,	further	improving	data	quality	and	reliability. 

 
The integration of self-reflective agentic workflows within 6G networks offers a robust solution 
for reducing hallucinations in generative AI. 6G's high-speed, ultra-reliable, and low-latency char-
acteristics enable real-time collaboration between the generator and critic agents. By leveraging 
mobile edge computing, these agents can access large volumes of real-time data from multiple 
IoT devices, improving the factual accuracy and relevance of generated content. The workflow 
also supports the continuous updating of knowledge bases through real-time data fusion making 
it possible for generative models to integrate current, contextually relevant information, into their 
outputs. 
 
Game theory facilitates the effective collaboration of the generator and critic agents, optimizing 
the trade-offs between performance metrics like response latency and energy consumption. This 
approach results in a scalable, robust system capable of providing accurate, real-time generative 
services across diverse applications in the 6G landscape. 
 
External Resource Access in 6G Agentic Frameworks 
 
Tool integration[14] represents a foundational design pattern in the development of AI agentic 
workflows, enhancing the capabilities of LLMs by enabling interaction with external systems, data 
sources, and computational functions[24]. While LLMs possess significant potential through their 
pre-trained knowledge, their utility in real-world applications is often constrained by the static 
nature of this information. Tool integration addresses this limitation by allowing LLMs to dynam-
ically access external resources, including APIs, databases, and programming environments, 
thereby expanding their functional reach[25]. 
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In the context of 6G networks, tool integration is poised to become a crucial component of real-
time AI applications. The high-speed, ultra-reliable, and low-latency characteristics of 6G provide 
an ideal infrastructure for LLMs to interact seamlessly with diverse external resources, including 
the Internet of Things (IoT)[26], remote databases, and real-time sensory data. This ability to in-
tegrate and process external information in real time greatly enhances the relevance, accuracy, 
and efficiency of LLM outputs, especially in complex, fast-paced environments. 
 

	
Figure	2	Seamless	Integration	of	External	Resources	in	6G	Networks	for	Enhanced	Generative	AI.	Illustrates	
how	6G’s	high-speed,	ultra-reliable,	and	low-latency	infrastructure	enables	large	language	models	to	interact	with	
IoT	devices,	remote	databases,	and	real-time	sensory	data.	This	integration	enhances	the	relevance,	accuracy,	and	
efficiency	of	AI-generated	outputs	in	complex	and	dynamic	environments.	

Tool Integration in LLM-based systems typically involves the integration of functions that enable 
the retrieval and processing of real-time information. For instance, when an LLM encounters a 
query requiring knowledge beyond its training set, it may call upon a web search API or a special-
ized database to retrieve relevant information. This approach not only augments the generative 
capabilities of the LLM but also ensures that outputs remain contextually appropriate and factu-
ally accurate. Furthermore, tools can be employed for more computationally intensive tasks, such 
as executing code or performing mathematical operations, where the LLM generates the instruc-
tions for an external system to process and return results. 
 
Within the 6G framework[27], such interactions are amplified by the network's capacity to sup-
port real-time data retrieval and processing. The API Database, as depicted in the workflow dia-
gram, serves as a central hub where LLMs can request access to external functions and infor-
mation sources, ranging from web APIs and databases to IoT sensors. This flexibility allows LLMs 
to act as dynamic agents capable of addressing a wide range of user queries and tasks with up-to-
date, context-sensitive information. 
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The 6G network ecosystem, characterized by its massive bandwidth and ultra-low latency, is es-
sential for realizing the full potential of tool use in generative AI systems. One of the key benefits 
of 6G is its ability to integrate and fuse data from multiple sources in real time. For example, LLMs 
operating in a smart city environment can interface with IoT devices, such as traffic sensors or 
weather stations, to provide accurate and real-time updates on urban conditions. This interaction 
relies on the RAG system, which ensures that the LLM's output is both timely and contextually 
relevant. 
 
Moreover, the availability of edge computing[28] in 6G networks allows for the distributed pro-
cessing of data, enabling LLMs to interact with local data sources directly at the edge of the net-
work. This reduces the latency involved in accessing remote databases or cloud-based services 
and enhances the overall responsiveness of the generative AI system. Tool use in such a scenario 
allows LLMs to access vector databases, sensor information, and other local resources, ensuring 
that outputs are not only accurate but also grounded in the most recent data available. 
 
Implications for AI-Driven Applications 
 
Tool integration within agentic workflows, especially when deployed in 6G networks, has far-
reaching implications for various AI-driven applications. By enabling LLMs to interact dynamically 
with real-time data and external tools, generative AI systems can provide more reliable, contex-
tually accurate outputs across a wide range of domains, including healthcare, autonomous vehi-
cles, and smart infrastructure. This capability reduces the risk of hallucinations—instances where 
the AI generates incorrect or seemingly fabricated information—by grounding responses in exter-
nal, verifiable sources. While all AI-generated results are approximations, the term 'fabricated' 
here refers to outputs that diverge significantly from the input data or extrapolate beyond it, ra-
ther than interpolating within known information. 
 
In addition to improving the accuracy of LLM-generated outputs, tool use also supports more 
complex workflows by enabling LLMs to automate processes such as querying databases, execut-
ing code, or interacting with multimodal data. This multi-functionality is essential for next-gener-
ation AI systems operating in environments where the real-time processing of data from various 
modalities (text, image, sensor data) is critical for decision-making. 
 
Tool integration in agentic workflows represents a significant advancement in the development 
of AI systems, particularly within the context of 6G networks. The ability of LLMs to interact with 
real-time data sources and computational tools enables a level of flexibility and accuracy that is 
essential for addressing the dynamic needs of various real-world applications. As 6G networks 
continue to develop, the role of Tool Use in enhancing the capabilities of generative AI will only 
expand, making it a key component in the deployment of intelligent systems across diverse sec-
tors. 
 
 
Planning in Agentic AI Workflows 
 
Planning[29] like Chain-of-Thought[30] is a key agentic AI design pattern in which an LLM auton-
omously decides the sequence of steps required to complete a larger task. This ability to dynam-
ically decompose tasks is essential when predefined workflows are impractical or insufficient. For 
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example, an agent tasked with conducting online research might use planning to break the objec-
tive into subtasks[31] such as identifying relevant subtopics, retrieving information, synthesizing 
findings, and compiling a report. 
 
A notable demonstration of planning occurs when an agent adapts to unexpected scenarios. For 
instance, during a live demo, an LLM-based agent pivoted from a web search API (which encoun-
tered a rate-limiting error) to a Wikipedia tool to complete a task—something not anticipated by 
its developer. This highlights the agent’s ability to autonomously adjust its strategy and achieve 
its goal. 
 
Planning becomes particularly useful for multi-step tasks, such as generating an image from a 
complex set of inputs. In one illustrative example, an LLM might be tasked with detecting a pose 
in an image and then rendering a new image based on that pose. The model could dynamically 
organize the sequence of tools needed to complete this task, demonstrating how planning sup-
ports complex workflows. 
 

	
Figure	3	Task	Decomposition	and	Cooperative	Multi-Agent	Workflows	in	6G-Enabled	Agentic	AI.	 Illustrates	
how	planning	breaks	down	complex	 tasks	 into	 subtasks,	which	are	 then	addressed	step-by-step	by	 specialized	AI	
agents.	The	diagram	highlights	cooperative	agents	operating	within	a	6G	network,	leveraging	its	high-speed,	low-
latency	infrastructure	to	interact	with	IoT	devices	and	external	resources.	This	collaborative	multi-agent	approach	
enhances	the	execution,	accuracy,	and	efficiency	of	generative	AI	tasks	
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However, planning introduces challenges in terms of predictability. Unlike the more deterministic 
agentic patterns such as tool use[14] or reflection[15], planning outcomes can vary, making it 
harder to anticipate the exact steps the agent will choose. While the technology is powerful, it 
remains less mature and can lead to unpredictable results. Despite these challenges, advance-
ments in AI research are likely to enhance planning capabilities in the near future, making it more 
reliable. 
 
In the context of 6G networks, planning takes on additional importance. The high-speed, low-
latency infrastructure of 6G allows agents to interact with real-time data sources, such as IoT de-
vices, to dynamically adjust their actions in response to changing environments. For example, in 
a smart city, an agent might plan a series of actions involving traffic sensors and weather data to 
optimize traffic flow. 
 
In summary, while planning is a less predictable but highly promising design pattern in agentic AI 
workflows, it holds great potential, especially when combined with the capabilities of 6G net-
works. Its ability to dynamically decide on sequences of actions makes it invaluable for handling 
complex, multi-step tasks that require flexibility and adaptability. 
 
 
Multi-Agent Collaboration in Agentic AI Workflows 
 
Multi-agent collaboration[32] is the final key design pattern in the agentic AI framework, focusing 
on decomposing complex tasks into subtasks, each handled by specialized agents. This mirrors 
human team structures, where individuals with distinct expertise collaborate[33] on different as-
pects of a project, such as software development or research. In AI, this involves prompting one 
or more LLMs to simulate different agents, each tasked with a specific role, such as coding, project 
management, or quality assurance. 
 
Though counterintuitive—since all agents may stem from the same LLM—multi-agent collabora-
tion offers several advantages: 

• Superior Performance: Studies, such as those in the AutoGen[34] framework, show that 
multi-agent systems outperform single agents by dividing tasks into manageable sub-
tasks, improving task-specific focus. 

• Enhanced Focus: By allocating specific roles to agents, such as a software engineer or se-
curity expert, the LLM can concentrate on distinct subtasks, optimizing each for clarity, 
efficiency, or security as needed. 

• Task Decomposition: From a development perspective, multi-agent systems provide a 
framework for breaking down large tasks, similar to splitting a software program into pro-
cesses or threads, making complex tasks easier to manage and execute. 

 
In multi-agent workflows, agents operate independently, often invoking other agents for assis-
tance or combining planning, tool use, and reflection within their roles. These dynamic interac-
tions create complex, layered workflows where agents collaborate, refine outputs, and delegate 
tasks. As multi-agent systems advance, their ability to handle intricate tasks will improve, taking 
on functions traditionally performed by human teams. 
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Like planning, multi-agent collaboration can yield unpredictable results due to the autonomy of 
each agent. This unpredictability arises from decentralized decision-making, which can make out-
comes difficult to foresee. However, emerging frameworks like AutoGen[34], Crew AI, and Lang-
Graph[35] provide structured environments to manage these systems, enabling more reliable 
multi-agent collaboration. While early systems like ChatDev[32] may not always produce perfect 
results, they represent significant progress in AI collaboration. 
 
 
 
Discussion 
 
Agentic AI workflows offer a transformative approach to enhancing the capabilities of large lan-
guage models (LLMs), enabling them to operate with greater autonomy, flexibility, and precision. 
By integrating design patterns such as reflection, tool use, planning, and multi-agent collabora-
tion, we can address some of the core limitations of LLMs, including their tendency to generate 
hallucinations and the difficulty they face in handling complex, multi-step tasks. 
 
Reflection and tool use have proven to be reliable and effective, significantly improving the quality 
and accuracy of LLM outputs. Reflection allows models to iteratively critique and refine their re-
sults, while tool use empowers models to access real-time data and external resources beyond 
their training set. These patterns are crucial for ensuring that LLMs can perform well in real-world 
applications that demand precision, such as coding, research, and decision-making. 
 
However, planning and multi-agent collaboration present a more complex challenge. While these 
patterns provide a powerful framework for solving intricate problems by allowing LLMs to se-
quence tasks autonomously or collaborate with specialized agents, their unpredictability limits 
their current utility. Planning often results in unexpected steps, and managing the interactions 
between multiple agents can lead to unforeseen complications. Nevertheless, as AI systems and 
frameworks mature, such as AutoGen[34], LangGraph[35], and Crew AI[36], these limitations are 
expected to diminish, unlocking new potential for multi-agent systems and dynamic task manage-
ment. 
 
The integration of these agentic workflows into 6G networks[37] opens up further possibilities. 
With high-speed, low-latency infrastructure, 6G networks enable real-time collaboration[38], 
data access, and tool integration, all of which are vital for multi-agent systems to operate effec-
tively. Use cases, such as smart healthcare, autonomous driving, and supply chain optimization, 
can benefit significantly from these advancements, as agents can collaborate across distributed 
environments, accessing real-time IoT data and databases to make timely, data-driven decisions. 
 
As we move forward, a key area of focus will be developing robust agent memory systems, allow-
ing agents to retain context from previous interactions and decisions. Memory plays a critical role 
in enhancing multi-agent collaboration, ensuring that agents can reference past outcomes and 
optimize their workflows based on prior experiences. The evolution of memory architectures will 
be essential to making agentic workflows more reliable and adaptable in real-world scenarios. 
 
 
 



9	
	

Conclusion 
 
Agentic AI workflows present a promising future for the development of large language models, 
offering a structured approach to improve their efficiency, autonomy, and ability to handle com-
plex tasks. Reflection and tool use have already demonstrated their effectiveness in enhancing 
the performance of LLMs in real-world applications while planning and multi-agent collaboration 
offer significant potential, though they require further refinement to overcome current chal-
lenges. 
 
The upcoming era of 6G networks provides an ideal infrastructure for deploying these agentic 
workflows, supporting high-speed, real-time collaboration and access to distributed data sources. 
This advancement, combined with ongoing improvements in agent memory and multi-agent 
frameworks, will enable more sophisticated AI systems capable of tackling increasingly complex, 
dynamic environments. 
 
In summary, while agentic design patterns are still evolving, their integration into AI systems rep-
resents a key step toward more autonomous, flexible, and intelligent generative models. As these 
workflows mature, we expect them to play a pivotal role in revolutionizing industries from 
healthcare to autonomous systems, ultimately driving AI capabilities to new heights. 
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