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Abstract—Retrieval-Augmented Generation (RAG) has 

become an effective approach for grounding large language 

models (LLMs) in external knowledge bases. However, 

conventional RAG pipelines are still susceptible to 

hallucinations due to their dependence on single-pass retrieval 

and the implicit confidence placed in the retrieved information, 

which restricts their dependability in scientific and critical 

domains. 

This paper proposes ARA, a claim-centric verification 

architecture that decomposes documents into atomic, verifiable 

claims and evaluates each claim using a structured multi-stage 

validation pipeline. The framework integrates claim extraction, 

query reformulation, multi-source web retrieval, and an 

evidence-grounded verification mechanism that bases decisions 

solely on externally retrieved sources, thereby reducing reliance 

on internal model priors and improving interpretability. 

We evaluated ARA on a curated dataset of 496 claims 

extracted from scientific documents and compared its 

performance with that of a standard RAG baseline under 

identical retrieval settings. Our experimental results 

demonstrate that ARA achieves an accuracy of 61.09%, 

outperforming the baseline accuracy of 40.52%, and improves 

the macro F1-score from 0.210 to 0.377. Notably, ARA reduces 

hallucination rates from 58.27% to 11.29%, representing a 

reduction of more than five times in false-positive assertions. 

These results highlight the effectiveness of structured claim-

level verification and multi-source grounding in effectively 

reducing hallucinations in LLM-based systems. Our proposed 

architecture provides a practical and extensible framework for 

improving factual reliability in generative AI applications in the 

future. 

Keywords—Retrieval-Augmented Generation, Hallucination 

Reduction, Claim Verification, Evidence Retrieval, Large 

Language Models 

I. INTRODUCTION  

Large language models (LLMs) have shown strong 
performance across a wide range of natural language 
processing tasks, including question answering, 
summarization, and scientific reasoning. However, despite 
these capabilities, LLMs still tend to generate factually 

incorrect or unsupported statements, commonly referred to as 
hallucinations. This issue becomes especially critical in high-
stakes domains such as scientific research, healthcare, and 
policy-making, where accuracy and reliability are essential. 

Retrieval-Augmented Generation (RAG) has emerged as 
a practical approach to improve the grounding of LLM outputs 
by incorporating external knowledge during inference. By 
retrieving relevant document segments and conditioning 
generation on this information, RAG reduces dependence on 
the model’s internal parametric knowledge. However, most 
RAG pipelines rely on a single-pass retrieval process and 
assume that the retrieved content is both accurate and 
sufficient. In reality, retrieved information may be incomplete, 
noisy, or even misleading, which can still lead to 
hallucinations despite the presence of external knowledge 
sources. 

A major limitation of existing RAG systems is the lack of 
explicit verification mechanisms. Retrieved documents are 
often treated as reliable without validating whether the 
generated statements are actually supported by evidence. 
Additionally, the tight coupling between retrieval and 
generation prevents independent verification of individual 
claims. This absence of claim-level validation limits the 
system’s ability to identify incorrect assertions, ultimately 
contributing to hallucinations. 

To address these challenges, this paper introduces ARA, a 
claim-centric verification architecture designed to enhance 
factual reliability in RAG pipelines. The proposed approach 
decomposes documents into atomic, self-contained claims and 
evaluates each claim through a structured multi-stage 
verification process. The pipeline integrates claim extraction, 
query reformulation, multi-source evidence retrieval, and 
evidence-based validation. By separating claim generation 
from verification, the architecture reduces reliance on internal 
model knowledge and enables more robust decision-making. 

The effectiveness of the proposed architecture is evaluated 
on a curated dataset of 496 claims derived from scientific 
documents. Experimental results show notable improvements 
in accuracy and macro F1-score, along with a significant 
reduction in hallucination rates compared to a standard RAG 
baseline. These findings suggest that structured claim-level 
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verification offers a reliable approach for improving the 
trustworthiness of generative AI systems. 

The main contributions of this paper are as follows: 

1) A claim-centric verification architecture that 
decomposes documents into atomic, self-contained, and 
verifiable units. 

2) A multi-stage evidence retrieval and validation pipeline 
that leverages multi-source external knowledge, reducing 
dependence on single-pass retrieval. 

3) An empirical evaluation demonstrating significant 
improvements in accuracy and a more than fivefold reduction 
in hallucination rates compared to a standard RAG baseline. 

The remainder of the paper is organized as follows. 
Section II reviews related work. Section III presents the 
proposed methodology. Section IV describes the experimental 
setup. Section V discusses the results and analysis. Section VI 
provides discussion and limitations, and Section VII 
concludes the paper. 

II. RELATED WORK 

A. Retrieval-Augmented Generation 

RAG has become a widely utilized approach for 

grounding LLMs in external knowledge bases during 

inference. The foundational RAG framework introduced by 

Lewis et al.[1]combined retrieval with sequence generation 

which enabled models to ground outputs on retrieved 

documents. Subsequent work has lead to improvement in 

retrieval quality which includes better embedding models, 

hybrid retrieval strategies and re ranking mechanisms. Apart 

from these advances, mostly RAG systems rely on a single 

pass retrieval assume that the retrieved context is accuracy. 

This means trust excessive trust in documents lead to 

propagation of errors which results in persistent 

hallucinations. 

B. Fact Verification and Claim Checking 

Fact verification has been widely studied and 

implemented in natural language processing and natural 

language understanding, particularly in the context of claim 

checking. Early approaches for verification such as FEVER 

and verification pipelines breakdown of claims and retrieve 

supporting evidence from large pool of pre defined 

documented claims. Recent work has used transformer based 

architectures for evidence retrieval and claim classification, 

improving performance on benchmark datasets which 

demonstrated significant improvement over the past few 

years. Many of these systems are designed for small, isolated 

claims and mostly depend on structured datasets with 

evidence source with no real mechanism for gathering real 

time data. In contrast, long form documents or research 

papers require search mechanisms for extracting and 

verifying multiple claims across external web sources. 

Existing verification systems rely on limited retrieval 

strategies which again means there will be issues related to 

reliability  and single pass. 

C. Multi-step Reasoning and Agentic LLM Systems 

Recent research has explored multi step reasoning 

frameworks that uses LLMs with multiple reasoning steps 

and tool use. Approaches such as ReAct agents [3] reasoning 

and action steps, allows models to query external tools during 

inference but ReAct agents often restrict tool usage. 

Similarly, multi agent systems have been proposed to break 

down complex tasks into smaller tasks handled by specialized 

agents. While these improve reasoning capabilities and task 

decomposition, they are not designed for factual verification 

of the query. In particular, they lack structured mechanisms 

for claim level validation and often do not enforce strict 

evidence grounding, leaving them prone to yet again 

hallucinations. 

D. Summary and Research Gap 

Even though significant progress has been made in 

retrieval-augmented generation, fact verification, and multi 

agent systems, existing approaches lack a combined 

framework that uses claim level decomposition with multi 

source external evidence grounding and explicit verification. 

RAG systems do not check validity of generated content, 

while fact checking systems are not optimized for document 

processing for automated extraction of claims. Agentic 

frameworks focus on reasoning and task execution and not 

systematic verification. This gap motivates the need for a 

structured and claim first verification architecture that 

integrates multi source external web retrieval with evidence 

based validation, as experimented in this research work. 

III. METHODOLOGY 

A. System Overview 

Our proposed Agentic Research Assistant architecture is 

designed to improve factual reliability, claim extraction and 

verification in large language models outputs through 

structured, claim verification with external knowledgebase. 

Unlike conventional retrieval-augmented generation 

pipelines, which rely only on generation, Our system ARA 

introduces an explicit verification layer that operates at the 

level of atomic claims. Our overall ARA pipeline consists of 

five main stages: claim extraction, multi query generation, 

external evidence retrieval, evidence combining, and claim 

verification. Our architecture enforces a clear separation 

between generation and validation. 

B. Claim Extraction 

The architecture entry point is an input document or 

generated response, the first part is to break the content into 

set of atomic self contained claims. Each claim is unique and 

verifiable, avoiding pronouns or contextual dependencies 

which could make evidence retrieval difficult. This ensures 

consistency and enforces determinism. The number of 

extracted claims per document is in current system restricted 

to a maximum of five claims per document. This constraint 

was utilized to balances coverage with efficiency and 

overhead while maintaining data for experimentation. 
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C. Query Reformulation 

After claim extraction each extracted query is 

transformed into multiple web searchable queries to retrieve 

evidence from external web sources. This process expands 

claims into multiple complimentary queries increasing the 

chances of retrieving relevant supporting or contradicting 

information. This eliminates the limitation of keyword or 

semantic mapping which improves recall. 

D. Multi-Source Evidence Retrieval 

Each query is used to retrieve evidence from external web 

sources through tavily web search tool. Where RAG systems 

that rely on embedded document, our architecture performs 

multiple source retrieval to get diverse and independent 

evidence. This approach means reduced risk of relying on the 

embedded document and reduces retrieval noise. The 

retrieved documents are extracted along with it’s meta data 

and passed on to aggregation stage. 

E. Evidence Aggregation 

Retrieved evidence is embedded in FAISS based index 

and is used to retrieve the most relevant part of the evidence 

for the specific claim. Low quality and irrelevant sources are 

filtered out to reduce noise and improve accuracy. This step 

make sures that verification operates on a refined set of 

candidate evidence. 

F. Evidence Based Verification 

Each claim is then verified again the retrieved evidence 

using a Groq or perplexity’s sonar models that produces a 

classification decision based on externally retrieved 

information. The model assesses if the retrieved evidence 

supports, contradicts or is insufficient to verify the claim. BY 

restricting the verification process to external evidence, the 

system minimizes self references and thus reducing 

hallucinations. This is the core mechanism of our architecture 

G. Decision Aggregation 

The final stage is the per claim verification output 

production at a document level. Individual claims are verified 

and their decisions are then combined using a rule based 

strategy to prioritize category evidence followed by 

insufficient and then finally supported claims. This means 

that the overall output reflects the available evidence. 

Our complete pipeline is systematic, deterministic and 

interpretable evidence based verification of generated content 

which addresses the exact key limitation of RAG and  

provides a method for hallucination reduction.

 

IV. EXPERIMENTAL SETUP 

A. Dataset Construction 

In order to evaluate the actual proposed architecture, a 

dataset which consisted of 496 claims was constructed from 

a collection of scientific documents. Sources of these 

documents included IEEE Xplore, arXiv, and many others. 

These source documents were parsed and decomposed after 

which our automated claim extraction pipeline was utilized 

to generated atomic, self contained statements which could 

be effectively used to source retrieval. Each claim was then 

manually reviewed and annotated with a ground truth table 

indicating which claim could be supported by external 

evidence or lacks sufficient evidencial support. The sampling 

was pretty much randomly seeded to a fixed seed to ensure 

reproducibility. The resulting dataset clearly demonstrated a 

realistic distribution of verifiable claims which were 

encountered in scientific text. 

 

B. Baseline RAG 

The baseline RAG is a standard RAG pipeline. The 

documents are preprocessed chunked and indexed using a 

fails based indexed retrieval pipeline. When an input is given, 

relevant chunks are retrieved and a prediction is made using 

an LLM. The baseline does not utilize breaking down claim 

into separate queries and does not explicitly retrieve external 

evidences. Which is the key reason for a massive amount of 

hallucinations. 

C. Implementation Details 

Our proposed architecture is implemented in a multi stage 

pipeline which integrated claim extraction , multi query 
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formulation, web based retrieval and verification pipeline. 

The external sources are retrieved using tavily API that has 

access to all the web sources. The retrieved evidence base is 

then stored into an FAISS index to make sematic retrieval 

more efficient dueiing runtime. The verification modules 

operates using a deterministic configuration (setting 

temperature to zero) which makes sure that the results are 

reproducable. To control complexity and reduce overhead 

cost the current architecture is limited to five claim sper 

document. 

D. Evaluation Metrics 

The performance of the systems is evaluated using three 

metrics: 

1) Accuracy: Ratio of correctly classified claims across 

all classes 

2) Macro F1-score: Measure of unweighted mean of F1 

scored across all classes. 

3) Hallucination Rate:  It is the ration of unsupported 

claims that are incorrectly classified as supported claims. The 

metric is direct ratio to compute false positive rates 

 

E. Experimental Protocol 

Both the proposed architecture and the baseline RAG 

system are evaluated on the same dataset under identical 

retrieval conditions to make sure a fair comparison. Each 

claim is processed independently and identically, and then 

predictions are saved. All experiments are conducted on the 

same device under identical resource conditions.. Evaluation 

pipelines computer all the predictions and saved it into a csv 

file. 

F. Reproducibility Considerations 

The experimental setup was designed such tha 

reproducibility and consistency can be ensured. Fixed seed 

were used during output capturing. All of the components of 

the pipeline were executed under controlled settings to 

minimize variability across multiple runs. This setup enabled 

reliable comparison between our proposed architecture and 

the baseline rag. 

 

 

V. RESULTS AND ANALYSIS 

A. Quantitative Results 

Our architecture performance was evaluated using a 

conventional RAG baseline on a curated dataset on 496 

claims. Table 1 summarizes the results across key evaluation 

metrics used. 

TABLE 1. PERFORMANCE COMPARISON BETWEEN ARA AND RAG 

Metric ARA RAG 

Accuracy 61.09% 40.52% 

Macro F1-Score 0.377 0.210 

Hallucination rate 

(false positive) 

11.29% 58.27% 

 

The results clearly show that ARA  has proven to provide 

a significant improvement in overall accuracy, outperforming 

the baseline by more than 20 percent. Similarly, the macro 

F1-score shows a significant improvement in performance 

across classes despite the presence of a large class imbalance. 

Our findings confirm that the proposed verification 

architecture enhances both correctness and robustness 

compared to conventional RAG pipelines. 

B. Hallucination Analysis 

A key aim of our research was to reduce hallucinations, 

defined as false-positive predictions where unsupported 

claims are incorrectly marked as supported. The baseline 

RAG system proved to have a high hallucination rate of 

58.27%, which clearly indicates a strong bias to overpredict 

supported claims when sufficient evidence is not available. 

This is particularly because of self referencing of facts from 

the source document. 

In contrast, Our proposed architecture achieves a 

hallucination rate of 11.29%, which is a massive reduction. 

This means an approximate 80%  decrease in false positive 

claim classifications. The reduction is majorly because of 

introduction of explicit verification mechanisms and web 

evidence based grounding, which makes a stricter decision 

criteria. By requiring external corroboration before 

classifying a claim as supported, our proposed architecture 

significantly reduces false predicitons. 

C. Class-wise Performance 

A thourough analysis of class wise metrics makes it clear 

that baseline achieves a high recall for supported claims but 
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has a pretty low precision which means a low of 

misclassification of unsupported claims as supported. In 

contrast to our proposed architecture which has a more 

balances performance while improving precision and 

maintaining a reasonable recall. This can be clearly observed 

with the F1 Score of our architecture. 

The performance on the contradicted class is pretty 

limited because the samples in the dataset were just two. As 

a result the evaluation of contradicting class is not statistically 

significant and does not affect the overall performance of 

metrics. 

D. Confusion Matrix Analysis 

Confusion metrics of both architectures prove that the 

baseline rag has more bias towards supported class majorly 

because of self referencing. It was just because of a large 

number of false positive claims. While our proposed 

architecture distributes predictions more reliably across all 

the classes which clearly reflects its ability to distinguish 

between supported and insufficient class claims must more 

effectively. 

The massive reduction in misclassification directly 

contributes to the lower hallucinations rate observed in our 

architecture. This behavior clearly states the importance of an 

explicit verification pipeline requirement in such scenarios. 

 

E. Discussion of Results 

Our experimental results clearly demonstrate that 

structured, claim verification can significantly increase the 

factual reliability of LLM’s. The combination of breaking 

down claims combined with web source retrieval and 

evidence grounding for verification which enabled our 

architecture to mitigate the key restriction of baseline RAG. 

More importantly, the improvements which were 

achieved required no modification to the LLM, which 

suggests that architectural changes at the system level can 

lead to significant reliability improvement. These findings 

thus support th hypothesis that separating generation from 

verification can significantly improve the reliability on llm’s 

and thus meaning development of trustworthy gen ai systems. 

VI. DISCUSSION 

A. Effectiveness of the Proposed Architecture 

Our experimental results clearly demonstrate that the 

proposed architecture significantly improves factual 

reliability compared to a RAG. The actual obersed increase 

in accuracy and macro F1 Score clearly inficate that the 

system is better at distinguishing between supported and 

unsupported claims. But much more important is the 

significant reduction in hallucination rates which highlight 

the clear effectiveness of verification design. It could be 

achieved by enforcing claim validation and external evidence 

for decision making which removes the LLM’s bias to 

produces overconfident supported results. 

The improvement is because of three main factors. First, 

claim breakdown which enables clear evaluation and 

assessment of individual key units. Second would be the 

evidence retrieval pipeline which reduces noise and 

unreliable source data. Thirst would be the explicit separation 

between generation and verification which make sures that 

predictions are based on evidence and not internal model 

parameter. The design is clearly demonstrated performance 

and reliability gains. 

B. Comparison with Baseline Behavior 

The baseline RAG clearly showed a strong bias to 

presume predicting claims as supported which resulted in 

high recall but low precision. This means that their would be 

a significantly higher false positive rate and thus an elevated 

hallucination rate. Where Our proposed architecture has a 

more conservative prediction strategy which favours 

insufficient evidence classification when external supporting 

evidence is not adequate.This shifts the decision towards 

evidence rather than self referencing or parameters. 

C. Limitations 

Despite clear advantages and improvement the proposed 

architecture has several key limitations. First the dataset class 

imbalance, particularly with contradicted class, which limits 

the reliability of performance evaluation for contradicting 

category. Secondly the architecture solely depends on 

external web sources which means inconsistency in evidence 

quality and availability. Third is that the multi level pipeline 

introduces several overhead computations which 

significantly increases latency. While constraints like 5 

claims per document were just to make the experimentation a 

bit feasible. 

D. Implications 

Our findings clearly suggest that architectural 

modifications at system level can improve reliability 

significantly and Is a major step in making trustworthy AI. 

Our proposed claim verification approach clearly provides a 

framework that can be applied across domains to improve 

factual accuracy. This shows the importance of verification 

mechanisms to generate trustworthy outputs. 

VII. CONCLUSION 

This paper presented our architecture Agentic research 

assistant, a claim centric verification architecture whose sole 
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aim is to reduce hallucinations in RAG systems. By breaking 

down documents into atomic self sufficient claims and 

validation of each claim in a multi source evidence 

environment the approach can significantly mitigate the key 

limitations of RAG pipelines. 

Our experimental evaluation on a dataset of 496 claims 

clearly demonstrate that the architecture is bound to achieve 

a massive improvement in accuracy and macro F1-score 

while reducing hallucinations by more that five times 

compared to a baseline RAG system. Our results thus confirm 

that claim verification and multi level source grounding are 

effective strategies for improving factual reliability of LLMs. 

Future work will thus focus on improvement of 

contradiction detection, expansion of dataset diversity and 

optimization of computation overheads of verification 

pipelines. Further domain specific adaptation of the 

architecture in specialized application will also be researched. 

Our proposed architecture provides a practical foundation 

for developing reliable and Trustworthy generative AI 

systems. 
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