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Methodology: Multi-Agent RAG(Retrieval-Augmented Generation) model will be used because it divides fact checking process into specialised task. Hence evidence searching, checking them, critics and correction become more fast, smooth and independently. AVeriTeC dataset will be chosen because it has real world claim with evidence and publicly accessible. This dataset will give consistent, evidence-based judgement for comparative analysis and testing of the proposed model.


Abstract
Overview
Rise of misinformation in online environment has created demand for fact checking. This has become important for evidence and reliability of the insights. But the basic flaw in this process is that there is no mechanism in place to determine whether the evidence and logic used in making the determination is true. Additionally, the use of a single LLM for the retrieval, interpretation, verification, and correction raises many potential failure points within one single model. 
Purpose
The main purpose of the research is to develop and test an automated five-agent version of the artificial intelligence towards detecting, verification, and rectification of misinformation more efficiently.
Method
The study will implement design science approach to develop AI framework and create controlled comparative experiment for information gathering and verification. The multi agent system will include Claim Detection, Evidence Retrieval, enhancing Verification. Further Critic, and Correction agents will be developed too. Testing all agents on 500-1000 claims using the AVeriTeC benchmark dataset will be done. AVeriTeC benchmark dataset will be used because it is a real world publicly available fact checking benchmark with evidence. The study uses design science for framework designing and controlled experiment for comparative analysis among Multi-Agent RAG framework and Single-Agent RAG baseline. The metrics for evaluation include macro F1-score, evidence quality, faithfulness of corrections, computation time and computational costs.
Expected Results 
The research will focus on checking multi agent RAG system performance compared to single agent RAG system for efficient fact checking. The results will determine if Multi agent Rag system cerate enhanced evidence verification and reduce chance of unsupported corrections with justifying the framework demand for more computation needs or resources. 
Conclusion
Therefore, this study not only evaluate whether the multi-agent AI enhances fact-checking capabilities but also be able to show the benefits are enough or not compared to the increased computation cost or complexities. 
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It is not only about detecting dubious text but checking if the claim made is indeed supported by verifiable evidence. It is important to distinguish between the two since typical misinformation classifiers may be able to detect linguistic features of dubious content even without checking the facts of the case.
The FEVER project pushed forward this field by tying the claims to the evidence, categorizing them into Supported, Refuted, or Not Enough Information [1]. Yet, another limitation became evident with the subsequent benchmarking, that being the inability of the controlled datasets to reflect the complexity of real-world fact checking. AVeriTeC thus tests the systems based on the real-world claims, rewarding only for correct verification.
Multi-agent AI presents an alternative assumption regarding architecture: that complicated inference works better when tasks are divided up, and one agent may question the validity of another's actions. As the FACT-AUDIT test shows, the interaction between multiple agents highlights weaknesses that might not have been uncovered by a verdict-only evaluation, especially when it comes to the quality of arguments provided [3]. Yet, extra agents imply additional delays, expenses, and the risk of error propagation. 
Online misinformation generates difficulty in providing trustworthy information. AI for fact-checking implements the use of LLMs and retrieval-augmented generation (RAG) to test the veracity of statements with external evidence. However, faults are still present with retrieval omissions or unsupported reasoning. This means that the research problem here is not whether multi-agent AI is capable of doing factchecking but whether splitting the tasks of evidence searching, verifying, criticizing and correcting offers any significant advantage over similar single agent RAG. 
Published work and academic research also addressed either RAG or multi-agent systems in fragmented way or separately [2; 14]. Comparison with single agent RAG or measuring the reliability are not found among evidence too. So, this work implements a combination of dedicated automated agents for retrieval and verification differentiating it from previous reserach. Automation gives advantage for using the AI agents to automatically address the claims, check the evidence and critique the reasoning for producing more reliable fact checking and reducing misinformation [2; 3]. The research also focuses on critique and correction with further comparing the system introduced over single-agent RAG via AVeriTeC claims.
The project will concentrate on English texts. Deepfake videos/images, videos/images in other languages, multilingual misinformation, and automatic detection/removal will not be included due to the complexity involved.
[bookmark: _Toc240994820][bookmark: _Toc241235052]2. Research Objectives
The objective of this study is to develop and evaluate a multi-Agent AI approach for misinformation verification.


The objectives are:
· To design and implement automation for claim identification, evidence retrieval, verification, critical review and evidence-grounded correction.
· To evaluate the framework using an established real-world fact-verification benchmark.
· To compare the proposed multi-agent automated framework with a controlled single-agent RAG baseline.
· To determine whether improvements in verification and correction reliability justify additional processing time and computational cost.
Problem Statement
The research will focus on this central problem addressing Multi-Agent RAG offers more effective evidence-based misinformation verification and correction compared to Single-Agent RAG. 
Online misinformation becomes difficult for verification people [4]. This is because AI systems use fake or incomplete evidence for decision and sometimes create false correction too. Single-Agent RAG systems also use the same model for finding claims, verifying them or for making corrections. This creates situations for creating shared point of failure. Multi-agent system helps with dividing the source selection, verification or correction task into separate agents [13]. However, the model effectiveness for reduced verification or correction errors are still unknown. Present knowledge does not address if the multi-agent performance is more effective compared to single-agent RAG system. This is the main problem where the model efficiency for improving fact checking justifying the additional computational cost and time is still unknown.

[bookmark: _Toc240994821][bookmark: _Toc241235053]3. Importance of Research
Value for the academy resides in the application of architecture, not just the construction of yet another misinformation detector. The utility of evidence gathering has been shown by current research, whereas the usefulness of specialized collaboration has been demonstrated by recent multi-agent research [4]. What needs to be determined now is whether their combination yields any tangible gain.
The point is especially pertinent since higher complexity does not necessarily mean something good. The five-agents’ solution, which only increases efficiency marginally, but costs much more computationally might not be of much practical use compared to the RAG model. However, if the multi-agents design makes the number of unsupported opinions and corrections lower, then more computational costs might pay off.
From an implementation perspective, this means that any misinformation system must do more than just give labels to pieces of information. It can use evidence, uncertainty, and justified correction to make outputs more transparent for journalists, researchers, and fact-checkers. That is why this approach to the problem is presented as decision support.
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[bookmark: _Toc240994823][bookmark: _Toc241235055]4.1 Evidence-based Fact Verification
The move from FEVER to AVeriTeC highlights a crucial shift in the field of automated fact checking. FEVER initiated a benchmark for large scale claim verification, while in AVeriTeC, finding the correct evidence becomes a necessary component of the evaluation process [5]. However, the claims do not integrate the real-world misinformation evidences for accuracy. Singal et al. (2024), study claimed RAG can improve evidence supported verification with an AVeriTeC score of 0.33 [6]. This is where RAG comes into utility as it searches for external data prior to making decisions by LLMs. However, it is a significant achievement compared to the baseline used by these researchers. Still, being able to search for the evidence does not guarantee that the LLM becomes reliable. However, it also faces limitation because retrieval alone cannot guarantee LLM's correct understanding of evidence or avoid unsupported reasoning. 
Transition from FEVER to AVeriTeC make evidence-based verification better but inefficiencies and technical weakness are there. RAG can find relevant evidence, but they cannot guarantee accurate understanding or complete counter evidence [13]. For example, a correct judgment based on irrelevant evidence does not count. This is the main gap for classification-oriented studies because accuracy only does not ensure a good reasoning process. Because of this, retrieval quality cannot be the only criteria. Hence system separates retrieval, verification, and doing important critical review like evidence quality and reasoning check is needed.
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In an effort to address this challenge, RAG seeks to base the output of LLMs on retrieved information. According to Singal et al. (2024), RAG that uses retrieved evidence for fact-checking purposes can be beneficial [6]. However, retrieving evidence adds one more challenge since bad evidence will directly affect the process of verification itself [7; 18]. Moreover, grounding cannot solve the problem of faithfulness since the LLM may generate an unsupported statement that is not based on retrieved documents. This way any single LLM performing retrieval, interpretation and verify calculations introduces a shared failure mode. 
RAG enhance fact checking with integrating the LLMs' answers to retrieved evidence. However, the retrieval errors can impact the verifying and correcting stages. Retrieved documents is relevant but they can be out of date or misinterpreted because one LLM create shared point for retrieval and reasoning [15]. Separating them and incorporating external critique can improve better effectiveness. Overcomes this limitation by separating retrieval from verification is needed to fill the gap. Having an additional critic for unsupported reasoning before providing corrections must be integrated too in advanced system for better reliability. 
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Multi-agent systems partition responsibilities between models or agent types. FACT-AUDIT asserts that static methods of classification may neglect the quality of LLM explanations and relies on multi-agent cooperation for more dynamic assessment [7]. However, Yoon et al., (2024) stated collaboration not automatically ensure accuracy because identical mistakes may be continually repeated or confirmed by different agents [10].
The potential benefit lies in functional separation. In this situation where an independent critic can disagree with verification decisions. The verifier need not assess its own reasoning if there is an external critic that may refute it [10]. However, this presents another conflicting risk; the agents could validate each other’s mistakes and incur extra costs in terms of additional calls from the model. Then LLM also increase latency and computation cost too. Thus, the problem at hand is empirical in nature, not conceptual. The technical issue still need solution of whether this additional technical complexity can be considerable to ground evidence more successfully. Is specialized agent cooperation able to enhance evidence-based factchecking sufficiently to offset the added complexity come across must be checked. Further understanding multi agent RAG performance compared to singe agent RAG is also needed for understanding if the improved reliability justified the added complexities. This constitutes the major research problem that will be studied.
Hence current advanced challenge is existing system are not efficient enough for resolve increasing incomplete evidence or retrieval errors. Further hallucinated reasoning, unsupported corrections also increase challenges. This limits automated LLM-based misinformation verification reliability. Further multi-agent systems are more inclined to being biased because they share the same errors, imposing correlated decisions as technical challenge. The automation produced by the multi-agent system in the proposed solution will help in performing fact-checking with faster and smoother approaches addressing the challenge [16]. System specific agents will be able for claim checking, evidence retrievals. Automation will make verification, criticism and needed corrections without human intervention needs [17]. This will create the foundation on which testing can be done of the multi-agent RAG against single-agent RAG.
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In what ways is automated Multi-Agent RAG system better than single-agent RAG for verification and corrections of misinformation from an evidence-based standpoint?
1. Does automated multi-agent verification improve claim-verification performance and evidence-grounding?
2. Does an independent critic agent reduce unsupported verdicts and corrections?
3. What trade-offs exist between verification performance, computational cost and processing time?
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H1: The multi-agent system will perform much better in terms of verification than the single-agent RAG.
H2: The multi-agent system will generate less unsupported corrections.
H3: The multi-agent system will consume more computational resources.
This combination of hypotheses takes into account both advantages and disadvantages of the architecture to avoid making an assessment based on the assumption that complex architecture is better by default.
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[bookmark: _Toc241235062]6.1 Proposed Multi-Agent AI Framework
This study will apply design science and controlled experiment methodology. Design science is chosen due to the development of the AI artifact, and the experiment should show whether architecture brings measurable improvement.
In total, the framework will consist of five agents:
Claim Detection → Evidence Retrieval → Verification → Critic → Correction
The Claim Detection Agent will detect verifiable claims. The Retrieval Agent will retrieve the evidence needed by means of semantic retrieval and/or BM25. The Verification Agent will perform classification of claims based on the evidence retrieved. The Critic Agent will evaluate the independent support of evidence for the proposed verdict [8]. The Correction Agent will propose an alternative statement if the refuted claim has enough evidence to make a correction. Hence Multi-Agent RAG algorithm will be used. This will be based on the combination of BM25 and semantics retrieval with specialized agents for evidence-based verifications and evidences correction
AVeriTeC will be the main benchmark because it measures evidence retrieval and verdict prediction in practice. The number of claims will be limited to approximately 500-1,000 depending on the computational power. The system will implement the LLMs and modular agents assuming no training is done. Use of the sample size of 500 to 1,000 of AVeriTeC claims will give the constrain for computation. Further use of Python, FAISS, and LangGraph will provide practical implementation and evaluation feasibility in the required project time frame.
Baseline model
The crucial experimental control is going to be the baseline:
Single agent: Claim → Retrieval → One LLM → Verdict/Correction
Multi-agent: Claim → Retrieval Agent → Verification Agent → Critic → Correction Agent
Both systems will use the same base LLM, dataset and evidence gathering and testing methodology. This way, major confounding factors are controlled, and differences can be more credibly attributed to architecture.
Performance analysis
The performance of the system will be measured through macro precision, recall, and F1-score, as well as the AVeriTeC score. The evidence gathering process will be measured through Recall@K where applicable. The correction output will be measured for evidence faithfulness and unsupported factual content.
Since both systems will process the same claims, paired statistics will be used to measure the difference. McNemar's test will be used for classification difference while Bootstrap confidence intervals could measure the F1 difference [9]. Time and tokens/computation usage will be recorded as well.
This is important as an improvement on its own, statistically, does not imply practical superiority. The analysis will thus account for performance increase in relation to the increase in computation [18; 10]. The research will combine tasks of development of the setup and creating the dataset or agent integrations. It will perform running and testing of the system. Experimental results, errors, and costs will be registered independently following proper documentation criteria.
Tools and techniques
Python will be used in addition to HuggingFace, Sentence Transformers, FAISS and agent orchestration libraries like LangGraph. Pre-trained models will be used and no LLM will be trained from scratch in order to be feasible within the constraints of research. 
Ethical consideration 
In terms of ethics, the prototype will not post corrections nor make decisions for the user. Insufficient evidence will also be acceptable as it may misinform for maintaining the quality of the research.
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The experiment is only going to use English language-based papers, so the results would not generalize to multilingual/multimodal misinformation.
More significantly, the errors in the retrieval process might propagate throughout the whole system design. In that case, an erroneous conclusion might indicate missing evidence and not faulty reasoning on the part of the agent. Both will be distinguished wherever possible [11].
Additionally, correction quality will be hard to evaluate since there might be different acceptable corrections in wording. This is why automatic evaluation metrics will be applied cautiously.
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	Implement and test single-agent RAG baseline
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	Debugging, pilot testing
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Experiments under controlled conditions
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Measure F1, evidence quality, cost
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Statistics and error analysis
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Final evaluation, dissertation completion and submission
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	




[bookmark: _Toc240994832][bookmark: _Toc241235065]9. Expected Findings
Multi-Agent Verification based on RAG is expected to eliminate some unsupported conclusions since assessment and criticism of the evidence are made separately from the initial judgment. Still, it is not expected that the multi-agent approach will excel every metric.
Its major advantage is likely to be associated with evidence grounding and correctness reliability rather than classification accuracy itself. On the contrary, extra agents’ communication is expected to lead to increased computational costs.
The study will find out whether multi-agent architecture can deliver any significant gains in terms of accuracy/reliability compared to the simpler model, or whether it is just another complex solution. Academic value of such an outcome will consist in putting into question the necessity of adding complexity to agents for this particular problem. The researcher will be able to record errors, limitations, and computational effects appropriately. The research will not assume performance and results. Proper approach for safeguard dataset integrity, and accurately reporting of any unsupported modifications of information will be done. This will help for mitigating any possible automated verification hazards or risk form the proposed solution. 
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