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Abstract— While Large Language Models (LLMs) can 

perform well in many natural language processing (NLP) 

tasks, they frequently produce coherent yet inaccurate 

answers, referred to as "hallucinations. Although Large 

Language Models (LLMs) can perform well on many 

natural language processing (NLP) tasks, they can 

sometimes produce factually incorrect answers with high 

fluency, which are known as "hallucinations. These can 

lower reliability particularly in knowledge-rich and 

safety-sensitive applications. Retrieval-Augmented 

Generation (RAG) is a method designed to limit 

hallucination by grounding the generation in external 

information, which requires high retrieval accuracy and 

fact checking. 

This paper proposes a novel hallucination-aware RAG 

framework which integrates reduction and detection at a 

single step of a fully automated pipeline. The system 

architecture combines a well-tuned SBERT-based dense 

retriever, a cross-encoder reranker for semantic 

relevance, and a Natural Language Inference (NLI) 

verifier to ensure logical consistency between generated 

responses and retrieved evidence, along with hard-

negative mining. This NLI-based Validation allows 

automatic hallucination detection without human 

intervention. Through experimental results, the 

framework is shown to be effective in practical and 

scalable RAG applications with improved factual 

accuracy and reduced hallucination rates, while 

maintaining response quality. 
 

Index Terms— Retrieval-Augmented Generation; 

Hallucination Detection; Cross-Encoder Reranking; 

Natural Language Inference; Large Language Models 

 

I. INTRODUCTION 

 

Today, NLP systems like question answering, 

summarization, and dialogue systems are built using 

Large Language Models (LLMs). They may also 

generate factually incorrect content (hallucinations), 

lowering system reliability in knowledge-intensive 

settings. 

This can be addressed by using Retrieval-Augmented 

Generation (RAG), which makes sure that answers are 

based on outside information sources, resulting in 

more accurate factual information than relying on pure 

generation [1]. But halluci-nations remain due to poor 

retrieval quality. Dense retrievals find the semantic 

similarity but can also retrieve related but non-factual 

information [2]. Most RAG systems do not include 

explicit verification, as-suming retrieved material is 

accurate, but recent studies highlight the importance of 

post-generation validation [5]. 

This paper introduces a cross-encoder reranking 

approach and a Natural Lan-guage Inference (NLI) 

module, with the goal of bridging these gaps.To 

address these gaps, this paper presents a hallucination-

aware RAG system that includes a reranking module 

using the cross-encoder and a Natural Lan-guage 

Inference (NLI) module for verifying answers. This is 

combined approach to achieve factual consistency and 

scalability. 

II. LITERATURE REVIEW 

 

Hallucination is one of the key challenges in factual 

text generation for LLMs. It is when out-puts tell 

things that are not true (intrinsic) or add information 

that isn't supported (extrinsic) [5]. For example, 

prompt engineering and reinforcement learning 

enhance the flow of content but do not offer absolute 

facts. 

RAG systems [1] rely on external sources for 

generation, and dense retrieval models like DPR [2] 

further enhance semantic matching. However, 
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evidence that is retrieved is often only partially 

relevant. These are improved by the use of cross-

encoder rerankers, which jointly encode query-

document pairs [4], but have not been studied in the 

context of hallucination reduction. Likewise, methods, 

such as NLI-based methods [6] assess factual 

alignment, but are often used after the fact. 

Existing research separately addresses retrieval, 

generation and verification. These components, dense 

retrieval, reranking, and NLI-based validation, are 

combined into a single pipeline in the proposed 

framework in order to effectively minimize 

hallucination problem. 

 

III. RESEARCH METHODOLOGY 

 

This section presents the proposed hallucination-aware 

Retrieval-Augmented Generation (RAG) framework, 

designed to reduce hallucinated responses by 

improving retrieval precision and ver-ifying factual 

consistency. The framework follows a modular and 

automated design similar to prior RAG architectures 

[1]. 

3.1. Overall System Architecture 

The framework consists of four sequential modules: 

dense retrieval, cross-encoder rerank-ing, answer 

generation, and Natural Language Inference (NLI)-

based verification. It enhances standard RAG setups 

by refining retrieval accuracy and introducing an 

automated verification mechanism to detect 

hallucinations [1]. 

 

 
Figure 1: Proposed hallucination-aware RAG 

framework integrating dense retrieval, cross-encoder 

reranking, and NLI-based verification. 

3.2. Dense Retrieval Module 

The dense retriever uses a Sentence-BERT (SBERT) 

bi-encoder to embed queries and passages into a shared 

space. Dense retrieval techniques outperform sparse 

approaches in capturing semantic similarity [3, 2]. 

Cosine similarity retrieves the top-k relevant 

documents per query. 

 

3.3. Cross-Encoder Reranking Module 

A cross-encoder reranker jointly encodes query 

document pairs to capture deeper relevance cues [4]. 

This reranking improves retrieval precision and 

ensures that retrieved content closely aligns with user 

intent, providing stronger evidence for generation. 

 

3.4. Answer Generation 

The generation module uses a large language model 

conditioned on reranked evidence [1]. Restricting 

input to verified documents minimizes reliance on 

internal memory, reducing hallucinations from 

unsupported model knowledge [5]. 

 

3.5. NLI-Based Verification 

An NLI classifier checks whether generated outputs 

are entailed, contradicted, or unsupported by the 

retrieved context [6, 7]. Neutral or contradictory 

responses are marked as hallucinated, enabling 

automatic, human-free validation. 

 

3.6. Evaluation Pipeline 

Evaluation follows a fully automated setup 

emphasizing factual reliability over surface fluency, 

consistent with recent recommendations for 

hallucination assessment [5]. 

 

Table 1: Key components of the proposed 

hallucination-aware RAG framework 

Module Purpose 

Dense 

Retriever 

Retrieves semantically relevant 

documents from the corpus 

Cross-

Encoder 

Reranker 

Enhances retrieval precision via 

relevance reranking 

Generator Produces evidence-grounded responses 

using se- lected context 

NLI 

Verifier 

Validates factual consistency and detects 

hallucination 
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IV. RESULTS / FINDINGS 

 

This section reports the evaluation of the proposed 

hallucination-aware Retrieval-Augmented Generation 

(RAG) framework. The study focuses on factual 

accuracy improvement and hallu-cination reduction 

[5], using a fully automated setup. 

4.1. Experimental Setup 

Fifty queries were processed using both a baseline 

RAG model and the proposed framework. Both 

systems shared the same corpus, retrieval setup, and 

prompts for fair comparison [1]. Hallucinations were 

identified through NLI-based verification [6]. 

 

4.2. Evaluation Metric 

The hallucination rate—percentage of responses 

unsupported by retrieved evidence—served as the key 

measure of factual consistency [5]. 

 

4.3. Quantitative Results 
 

Table 2: Hallucination analysis for baseline and 

proposed RAG systems 

Metric Baseline RAG Proposed Framework 

Total examples 50 50 

Hallucinated 

responses 

11 9 

Hallucination rate 

(%) 

22.0 18.0 

 

The proposed framework reduced hallucination rate 

from 22% to 18%, yielding a 4-point ab-solute and 

18.18% relative improvement. These results confirm 

that reranking and verification enhance factual 

reliability. 

 

4.4. Ablation and Error Analysis 

The ablation comparison indicates that the NLI-based 

verification significantly contributed to hallucination 

reduction [7, 6]. Remaining errors mainly stemmed 

from ambiguous queries or incomplete evidence, 

consistent with earlier RAG findings [1]. 

Conservative NLI judgments sometimes labeled 

partially correct outputs as hallucinated, showing a 

precision–recall trade-off [8]. 

 

 

 

 

V. DISCUSSION 

 

The findings confirm that integrating hallucination 

verification into RAG pipelines improves factual 

accuracy. Although the 4-point reduction is modest, 

the improvement is consistent and aligns with earlier 

research on verification-driven approaches [5, 7]. The 

drop from 22% to 18% indicates that post-generation 

checks can eliminate unsupported content missed by 

retrieval alone. 

The results also show that while retrieval grounding 

is essential, it is insufficient by it-self [1]. Even 

with relevant documents, LLMs may produce 

speculative responses. The NLI module provides a 

logical validation layer that filters such outputs 

without retraining the model [6, 7]. 

Though limited to 50 test queries, the observed 

18.18% relative reduction demonstrates that 

lightweight verification is practical for small-scale 

systems, echoing earlier studies [8]. Overall, 

combining retrieval refinement with NLI-based 

validation strengthens reliability and supports the 

development of trustworthy RAG systems where 

factual correctness is prioritized over diversity. 

 

VI. CONCLUSION 

 

This paper presented a hallucination-aware Retrieval-

Augmented Generation (RAG) frame-work to 

improve the factual accuracy of Large Language 

Model outputs. The approach in-tegrates dense 

retrieval with post-generation verification through 

Natural Language Inference (NLI), allowing 

automatic detection of unsupported responses without 

manual intervention. 

Experiments on 50 queries show that the proposed 

system reduces the hallucination rate from 22% to 

18%, a 4-point absolute and 18.18% relative 

improvement. Although the evalu-ation is limited in 

scale, results confirm that explicit verification 

complements retrieval-based grounding effectively. 

These findings align with prior studies highlighting 

that retrieval alone cannot fully prevent hallucination 

in knowledge-intensive tasks [1, 5]. 

The main contribution lies in demonstrating that a 

lightweight, verification-driven extension of standard 

RAG pipelines can improve factual consistency while 

maintaining scalability. By introducing an NLI-based 

logical check, the system filters unsupported content 
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and enhances reliability without additional human 

supervision [6, 7]. Overall, the framework emphasizes 

factual correctness and trustworthiness over 

aggressive performance gains, making it suitable for 

practical and safety-critical applications. 

 

VII. LIMITATIONS AND FUTURE WORK 

 

The framework is very effective, but it has some 

drawbacks. This evaluation was only conducted on 50 

queries, which provide directional information only 

and are not very generalizable [5]. It is needed to 

validate its wider applicability with larger and more 

diverse datasets. 

The effectiveness of the framework also relies on the 

evidence retrieved and its accuracy. In RAG systems, 

a common scenario is when relevant documents are 

missing or incomplete, causing hallucinations even 

after verification [1]. Furthermore, the NLI verifier is 

conservative, which results in a precision–recall trade-

off as reported in previous research [8]. 

Going forward, evaluation will be expanded to larger 

benchmarks and consider multi-hop or iterative 

retrieval to achieve broader evidence coverage. 

Improving NLI models using domain adaptation and 

confidence-aware reasoning may be able to achieve a 

balance between precision and recall. Futhermore, the 

feedback-based refinement and self-correction 

strategy [9] can be applied to further enhance the 

factual consistency and robustness of the system. 
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