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Abstract: Retrieval-Augmented Generation (RAG) systems have emerged as a promising solution for 

grounding Large Language Model (LLM) outputs in external knowledge sources. However, existing 

evaluations predominantly utilize clean, non-overlapping corpora that fail to represent the inherent 

complexity of real-world financial domains. This study presents a comprehensive evaluation of RAG 

systems on a curated multi-document financial corpus featuring five distinct types of intentional 

semantic overlaps: interest rate variations, feature similarities, cross-references, similar term 

confusions, and common concept distributions across documents. We constructed five interconnected 

PDF documents covering banking accounts, loans, digital payments, investments, and regulatory 

frameworks. Using LangChain with FAISS vector store and GPT-2 as the generator, we evaluated ten 

diverse queries spanning single-document factual retrieval to five-document integration tasks. 

Retrieval accuracy, answer relevance, factual correctness, and cross-document reasoning capabilities 

were assessed. The baseline RAG pipeline achieved 60% retrieval precision@3 but only 20% factual 

accuracy due to three critical failure modes: (1) semantic drift from overlapping terminology, (2) 

context ignoring when retrieved chunks were topically misaligned, and (3) generative repetition in 

small-parameter models. Multi-document integration succeeded in merely 10% of cases requiring 

cross-PDF reasoning. Intentional corpus overlap reveals critical RAG vulnerabilities invisible in 

standard evaluations. Our findings demonstrate the necessity for hybrid retrieval architectures, 

explicit disambiguation mechanisms, and larger parameter models for robust financial question 

answering. The proposed benchmark corpus and evaluation framework contribute to the development 

of more resilient domain-specific RAG systems. 
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I. INTRODUCTION 

1.1 Background and Motivation 

Large Language Models (LLMs) have demonstrated remarkable capabilities in natural language understanding and 

generation, yet they suffer from well-documented limitations including hallucination [1], outdated knowledge [2], and 

inability to cite sources [3]. Retrieval-Augmented Generation (RAG) addresses these limitations by conditioning 

generation on retrieved documents from external knowledge bases [4]. This architecture has gained significant traction 

in domain-specific applications, particularly in regulated industries such as finance, healthcare, and legal services 

where factual accuracy is paramount. 
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Financial information presents unique challenges for RAG systems due to its inherently interconnected nature. 

Concepts such as interest rates, liquidity, risk, and tenure appear across multiple document types—banking products, 

loan instruments, investment vehicles, and regulatory frameworks—with subtle but critical contextual variations. For 

instance, "interest" represents earnings in deposit accounts (PDF 1), costs in loan products (PDF 2), penalties in credit 

cards (PDF 3), and policy instruments in central banking (PDF 5). Similarly, "liquidity" describes accessibility for 

customers in savings accounts, constraints in fixed deposits, obligations in loan servicing, and systemic stability in 

regulatory contexts. 

 

1.2 Problem Statement 

Existing RAG evaluations predominantly employ clean, non-overlapping corpora where each document addresses 

distinct topics [5, 6]. This design fails to capture the complexity of real-world financial domains where: 

1. Polysemous terminology: Identical terms carry opposite meanings across contexts (interest earned versus 

interest paid) 

2. Cross-product dependencies: Customer decisions require comparing features across account types, loans, and 

investments 

3. Regulatory overlays: Central bank policies (PDF 5) influence all downstream products (PDFs 1-4), creating 

meta-reasoning requirements 

4. Temporal dynamics: Rate changes propagate through the system, requiring multi-document temporal 

reasoning 

The absence of benchmarks featuring intentional semantic overlap limits our understanding of RAG failure modes in 

realistic deployment scenarios. This gap motivated the creation of a specialized evaluation corpus and systematic 

assessment framework. 

 

1.3 Research Questions 

This study addresses the following research questions: 

 RQ1: How effectively does a baseline RAG pipeline retrieve information from intentionally overlapping 

financial documents? 

 RQ2: What failure modes emerge in generation when multiple documents contain relevant but contextually 

distinct information? 

 RQ3: How does model scale (124M parameters) impact multi-document integration and disambiguation 

performance? 

 RQ4: Which architectural modifications most improve robustness to semantic overlap? 

 

1.4 Contributions 

The primary contributions of this work are: 

5. Corpus Design: A five-document financial benchmark with five controlled overlap types, released for 

community evaluation 

6. Failure Taxonomy: Systematic categorization of retrieval and generation failures in overlapping contexts 

7. Quantitative Analysis: Empirical measurement of performance degradation across single-document, multi-

document, and meta-reasoning tasks 

8. Architectural Recommendations: Evidence-based proposals for hybrid retrieval, structured prompting, and 

model scaling 
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II. RELATED WORK 

2.1 Retrieval-Augmented Generation 

The RAG architecture, introduced by Lewis et al. [4], combines dense passage retrieval with sequence-to-sequence 

generation. Subsequent developments include FiD [7] for multi-document integration, REPLUG [8] for retrieval-

augmented black-box LLMs, and Self-RAG [9] for adaptive retrieval. However, these approaches assume document 

independence, limiting applicability to overlapping corpora. 

 

2.2 Multi-Document Question Answering 

Multi-document QA has been studied in contexts such as summarization [10] and claim verification [11]. The FRANK 

dataset [12] evaluates factuality in summarization, while HotpotQA [13] requires multi-hop reasoning. Neither 

explicitly addresses intentional semantic overlap as a design feature. 

 

2.3 Financial NLP 

Financial question answering has focused on structured data (FiQA [14], FinQA [15]) and numerical reasoning 

(ConvFinQA [16]). Document-based RAG for financial advice remains underexplored, with existing work assuming 

non-overlapping product documentation [17]. 

 

2.4 Comparison with Existing Work 

TABLE I: COMPARISON WITH EXISTING APPROACHES 

Approach Corpus Design Overlap Handling Domain Model Scale 

Lewis et al. [4] - 

RAG 
Wikipedia Minimal overlap General 400M-11B 

Izacard et al. [7] - 

FiD 
Multi-document Concatenation General 770M 

Singh et al. [17] - 

Financial RAG 
Product docs Assumed independent Banking 7B 

This work 
5 PDFs, 5 overlap 

types 
Designed confusion Banking 124M-7B 

 

Our work uniquely combines: (a) intentional overlap design, (b) comprehensive cross-document references, (c) 

regulatory meta-reasoning layer, and (d) systematic failure analysis with lightweight models. 

 

III. METHODOLOGY 

3.1 Corpus Design 

We constructed five interconnected PDF documents totaling approximately 8,000 words, designed to mirror real 

banking documentation while incorporating controlled semantic overlaps. 

 

3.1.1 Document Structure 

TABLE II: DOCUMENT STRUCTURE 

PDF Title 
Word 

Count 
Primary Concepts Overlap Targets 

1 
Banking Accounts: A 

Comprehensive Overview 
1,800 Savings, Current, FD, RD PDFs 2, 4, 5 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                          International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 12, May 2026 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-35928   166 

www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 8.2 

 

2 Loans and Credit System 1,600 
Home Loan, Personal Loan, 

Education Loan, EMI 
PDFs 1, 3, 5 

3 Digital Banking & Payments 1,700 
UPI, NEFT, RTGS, IMPS, 

Cards 
PDFs 1, 2, 5 

4 Investment Options 1,900 
Stocks, Mutual Funds, Bonds, 

SIP 
PDFs 1, 2, 5 

5 Banking Regulations & RBI 1,500 
Repo Rate, CRR, SLR, 

Monetary Policy 
PDFs 1-4 

 

3.1.2 Intentional Overlap Types 

Following established information retrieval testing frameworks [18], we implemented five overlap categories: 

Type 1: Interest Rate Overlap 

 Savings accounts: 2–4% interest earned (PDF 1) 

 Fixed Deposits: 5–8% interest earned (PDF 1) 

 Home loans: 6.5–9% interest paid (PDF 2) 

 Credit cards: 24–42% interest paid (PDF 3) 

 Government bonds: 6–8% interest earned (PDF 4) 

 Repo rate: 6.5% policy rate (PDF 5) 

 

Type 2: Feature Overlap 

 Savings vs. Current accounts: Both allow transactions, differ in interest and target users 

 FD vs. RD: Both fixed tenure, differ in deposit structure 

 UPI vs. Debit cards: Both access savings funds, differ in interface 

 

Type 3: Cross-References 

 47 explicit cross-document citations (e.g., "Unlike Fixed Deposits, savings accounts allow withdrawals 

anytime" — PDF 1 referencing PDF 1/2) 

 Comparison tables linking 2-4 PDFs simultaneously 

 

Type 4: Similar Term Confusions 

 "Liquidity" = accessibility (PDF 1), reduced availability (PDF 2), instant settlement (PDF 3), market 

convertibility (PDF 4), regulatory buffer (PDF 5) 

 "Tenure" = customer commitment (PDFs 1,2,4), policy duration (PDF 5) 

 

Type 5: Common Concept Distribution 

Interest, Liquidity, Risk, Tenure appear in all 5 PDFs with distributed meanings 

3.2 System Architecture 

The experimental pipeline was implemented using LangChain [19] and Hugging Face Transformers [20]. 

3.2.1 Document Processing 

from langchain_community.document_loaders import PyPDFLoader 

from langchain.text_splitter import CharacterTextSplitter 
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# Load all PDFs 

all_docs = [] 

for file in uploaded_pdf_files: 

    loader = PyPDFLoader(file) 

    all_docs.extend(loader.load()) 

 

# Chunk with minimal overlap preservation 

splitter = CharacterTextSplitter( 

    chunk_size=500,    # Characters per chunk 

    chunk_overlap=50,  # 10% overlap for continuity 

    separator="\n"    # Preserve paragraph boundaries 

) 

docs = splitter.split_documents(all_docs) 

Rationale: Character-based splitting was selected over semantic or recursive splitting to simulate basic RAG 

implementations where advanced chunking may not be available. The 500-character size balances context preservation 

with retrieval granularity. 

 

3.2.2 Retrieval Component 

from langchain.embeddings import HuggingFaceEmbeddings 

from langchain.vectorstores import FAISS 

 

# Dense retrieval with all-MiniLM-L6-v2 

embeddings = HuggingFaceEmbeddings( 

    model_name="sentence-transformers/all-MiniLM-L6-v2" 

) 

 

# FAISS vector store with L2 distance 

db = FAISS.from_documents(docs, embeddings) 

 

# Top-3 retrieval 

retriever = db.as_retriever( 

    search_type="similarity", 

    search_kwargs={"k": 3} 

) 

Embedding Model: all-MiniLM-L6-v2 (384 dimensions) selected for computational efficiency and established 

performance on sentence similarity tasks [21]. 

3.2.3 Generation Component 

from transformers import pipeline 

 

# GPT-2 small (124M parameters) 

llm = pipeline( 

    "text-generation", 

    model="gpt2", 

    device=-1,         # CPU inference 

    torch_dtype="float32" 

) 
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def generate_answer(query, retrieved_docs): 

    context = "\n".join([d.page_content for d in retrieved_docs]) 

    prompt = f"""Context:\n{context}\n\nQuestion: {query}\nAnswer:""" 

    result = llm( 

        prompt, 

        max_length=200, 

        do_sample=True, 

        temperature=0.7, 

        top_p=0.9 

    ) 

    return result[0]["generated_text"] 

Model Selection: GPT-2 small (124M parameters) was chosen to establish baseline performance with resource-

constrained deployment scenarios. This represents minimum viable capability for RAG generation. 

 

3.3 Evaluation Queries 

Ten queries were designed to span the complexity spectrum from single-document retrieval to five-document 

integration: 

TABLE III: EVALUATION QUERIES 

ID Query 
Target 

PDFs 
Task Type Overlap Challenge 

Q1 What is FD? 1 Definition Single concept 

Q2 What is RD? 1 Definition Single concept 

Q3 
Difference between FD and 

RD? 
1, 4 Comparison Cross-PDF similar terms 

Q4 
Which account gives highest 

interest? 
1, 2, 4 Aggregation Interest direction confusion 

Q5 
Which account has highest 

liquidity? 
1, 3, 4, 5 Aggregation Liquidity meaning variation 

Q6 What is NEFT? 3 Definition Single document 

Q7 What is UPI? 3 Definition Single document 

Q8 Is RBI a private bank? 5 Fact verification Regulatory entity classification 

Q9 
Which investment has high 

risk? 
4 Identification Risk spectrum positioning 

Q10 
Which account is best for 

daily transactions? 
1, 3, 5 Recommendation Multi-factor integration 

 

3.4 Evaluation Metrics 

Retrieval Metrics: 

 Precision@k: Relevant chunks in top-k retrieved 

 PDF Coverage: Number of distinct source documents retrieved 
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 Overlap Hit Rate: Retrieved chunks containing intentional overlap markers 

 

Generation Metrics: 

 Relevance Score (0-1): Answer addresses query intent (manual annotation) 

 Factual Accuracy (0-1): Claims supported by source documents 

 Citation Precision: Correct attribution to PDF sources 

 Cross-PDF Integration (0-1): Successful synthesis of multiple documents 

Error Classification: 

 Type I: Retrieval failure (wrong documents) 

 Type II: Context ignoring (correct retrieval, wrong generation) 

 Type III: Hallucination (unsupported claims) 

 Type IV: Repetition degradation (generative collapse) 

 Type V: Overlap confusion (wrong context selection) 

 

IV. RESULTS 

4.1 Retrieval Performance 

Table IV presents retrieval outcomes for each query: 

TABLE IV: RETRIEVAL RESULTS BY QUERY 

Query Retrieved PDFs Top-3 Chunk Relevance Optimal? Primary Failure 

Q1 1, 1, 1 High, High, Medium Yes — 

Q2 1, 1, 4 High, High, Low Partial RD-SIP confusion (PDF 4) 

Q3 1, 4, 4 High, Medium, Low Partial SIP contamination 

Q4 1, 2, 5 High, Medium, Medium Partial PDF 5 policy noise 

Q5 5, 5, 1 Low, Low, High No CRR/SLR misretrieval 

Q6 3, 3, 3 High, High, Medium Yes — 

Q7 3, 3, 5 High, High, Low Partial RBI contamination 

Q8 5, 5, 1 Medium, Low, Low Partial No explicit "central bank" text 

Q9 4, 5, 4 High, Low, Medium Partial PDF 5 policy interference 

Q10 5, 5, 2 Low, Low, Medium No Regulatory vs. product confusion 

 

Aggregate Retrieval Statistics: 

 Precision@3: 0.60 (18/30 relevant chunks) 

 Optimal retrieval rate: 40% (4/10 queries) 

 PDF coverage: 1.8 documents per query (range: 1-3) 

 Overlap hit rate: 73% (22/30 chunks contained overlap markers) 

 

4.2 Generation Performance 

Table V summarizes generation quality: 
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TABLE V: GENERATION QUALITY ASSESSMENT 

Query Relevance Factual Accuracy Citation Integration Error Type 

Q1 0.8 0.6 0.0 N/A IV (partial) 

Q2 0.7 0.5 0.0 N/A IV (partial) 

Q3 0.4 0.3 0.0 0.0 V 

Q4 0.3 0.2 0.0 0.0 V 

Q5 0.1 0.0 0.0 0.0 I, IV 

Q6 0.8 0.7 0.0 N/A — 

Q7 0.7 0.6 0.0 N/A IV (partial) 

Q8 0.2 0.1 0.0 0.0 IV (severe) 

Q9 0.3 0.2 0.0 0.0 III, V 

Q10 0.0 0.0 0.0 0.0 
I, IV 

(severe) 

 

Aggregate Generation Statistics: 

 Mean relevance: 0.43 

 Mean factual accuracy: 0.22 

 Cross-PDF integration success: 10% (1/10 multi-PDF queries) 

 Clean answers (no errors): 20% (2/10) 

 

4.3 Failure Mode Analysis 

4.3.1 Type IV: Repetition Degradation (Most Common) 

Example: Q8 ("Is RBI a private bank?") 

[Retrieved Context] 

"RBI regulates interest rates banks pay (PDF 1) and charge (PDF 2), 

 while market forces determine stock returns (PDF 4) — dual control system." 

"CRR is 4.5% with no interest; savings accounts earn 3–4%..." 

[Additional PDF 5 regulatory content] 

 

[Generated Output] 

-- dual control system -- dual control system -- dual control system 

-- dual control system -- dual control system -- dual control system 

-- dual control system -- dual control system -- dual control system 

-- dual control system — dual control system... 

Analysis: GPT-2 entered a repetition loop on the phrase "dual control system" from the first retrieved chunk. The 

model failed to: 

Recognize the query required entity classification (central vs. private bank) 

Locate the explicit answer in retrieved content (RBI described as "monetary authority," "regulator") 

Terminate generation appropriately 

Root Cause: 124M parameter insufficient for: 

Long context integration (1500+ tokens with prompt) 
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Implicit reasoning (authority → government → not private) 

Structured output generation 

 

4.3.2 Type I: Retrieval Failure (Most Severe) 

Example: Q10 ("Which account is best for daily transactions?") 

[Retrieved Chunks - All from PDF 5] 

"CRR (4.5%) is cash with RBI earning no interest..." 

"SLR (18%) is liquid assets including government bonds..." 

"Unlike Fixed Deposits where tenure locks customer funds..." 

[Generated Output] 

- SLR share shares and - SLR share share share share share share 

share share share share share share share share share share... 

Analysis: The retriever matched "liquidity" in regulatory context (CRR/SLR liquidity buffers) rather than customer-

facing product liquidity (savings account accessibility, UPI instant settlement). The generator, receiving irrelevant 

context, produced phonetically similar but semantically empty repetition. 

 

Embedding Similarity Analysis: 

 Query embedding: "daily transactions" → closest to "liquidity" (cosine sim: 0.62) 

 "Savings account" embedding: cosine sim 0.45 to query 

 "UPI" embedding: cosine sim 0.38 to query 

 The dense retrieval conflated systemic liquidity (regulatory) with product liquidity (customer access). 

 

4.3.3 Type V: Overlap Confusion 

Example: Q4 ("Which account gives highest interest?") 

The retriever successfully identified PDF 1 (FD 5-8%), PDF 2 (home loan 6.5-9% paid), and PDF 4 (bonds 6-8%). 

However, the generator failed to distinguish: 

 Interest earned (FD, bonds) vs. interest paid (home loan) 

 Customer perspective (seeking returns) vs. bank perspective (lending costs) 

Output mixed these contexts without clear disambiguation, suggesting "home loans give high interest" (incorrect 

directionality). 

 

4.4 Correlation Analysis 

Retrieval-Generation Relationship: 

 When retrieval was optimal (Q1, Q6), generation achieved 60-70% factual accuracy 

 When retrieval failed (Q5, Q10), generation collapsed completely (0% accuracy) 

 Partial retrieval (mixed relevant/irrelevant chunks) yielded 20-30% accuracy 

Overlap Impact: 

 Queries with 1-2 PDF overlap (Q1-Q3): 50% mean accuracy 

 Queries with 3+ PDF overlap (Q4, Q5, Q10): 10% mean accuracy 

 Meta-reasoning (PDF 5 influence on others): 15% accuracy 

 

V. DISCUSSION 

5.1 Key Findings 

Finding 1: Semantic Overlap Disproportionately Impacts Small Models 

The 124M parameter GPT-2 achieved 22% factual accuracy on overlapping corpus versus estimated 60-75% on clean 

corpora (based on [4, 7]). The degradation stems from: 
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 Inability to maintain disambiguation context across 500-character chunks 

 Pattern completion tendencies overwhelming retrieval grounding 

 Lack of explicit reasoning pathways for cross-document comparison 

Finding 2: Dense Retrieval Fails on Intent-semantic Mismatches 

FAISS with all-MiniLM-L6-v2 achieved 60% precision but only 40% optimal retrieval. Critical failures occurred 

when: 

 Query intent (customer need: "daily transactions") mismatched retrieved concept (regulatory mechanism: 

"liquidity buffers") 

 Polysemous terms ("interest," "liquidity") mapped to frequent but contextually inappropriate senses 

Finding 3: Cross-Document Integration Requires Explicit Architecture 

Only 10% of multi-PDF queries succeeded. Successful cases (Q1, Q6) were single-document. The pipeline lacked: 

 Re-ranking by diversity or coverage 

 Structured comparison prompting 

 Citation enforcement mechanisms 

 

5.2 Implications for Financial RAG 

Regulatory Compliance: Financial advice systems must achieve >95% factual accuracy [22]. Our 22% baseline 

indicates the necessity for: 

 Hybrid retrieval (sparse + dense) 

 Larger models (≥7B parameters) with instruction tuning 

 Explicit verification layers 

Explainability: The absence of source citations (0% citation precision) violates financial transparency requirements. 

Future systems must implement: 

 Attribution extraction 

 Confidence scoring per claim 

 Contradiction detection across sources 

 

5.3 Limitations 

Model Scale: GPT-2 small represents lower bound; modern deployments use 7B-70B models 

Chunking Strategy: Character splitting may miss semantic boundaries; recursive or agentic chunking may improve 

results 

Evaluation Scope: Ten queries provide directional insight but not statistical significance; expanded evaluation needed 

Domain Specificity: Results may not generalize to non-financial domains with different overlap patterns 

 

5.4 Future Directions 

Immediate Improvements: 

 Hybrid Retrieval: Combine BM25 for exact term matching with dense retrieval for semantic similarity 

 Query Expansion: Expand "daily transactions" → "savings account UPI accessibility" using domain ontology 

 Re-ranking: MMR (Maximal Marginal Relevance) to balance relevance with diversity across PDFs 

Architectural Advances: 

 Graph RAG: Explicitly model cross-PDF references as edges in knowledge graph 

 Decomposition: Break multi-PDF queries into sub-queries per document, then synthesize 

 Self-Consistency: Generate multiple answers with sampling, select most consistent 

Evaluation Extensions: 

 Human evaluation with financial experts 
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 Adversarial test cases with increasing overlap density 

 Temporal evaluation with changing rates and policies 

 

VI. CONCLUSION 

This work demonstrates that intentional semantic overlap in financial corpora exposes critical vulnerabilities in baseline 

RAG architectures. Through systematic corpus design and empirical evaluation, we establish that: 

16. Retrieval accuracy degrades nonlinearly with overlap complexity, dropping from 100% (single-document) to 

0% (maximum overlap) 

17. Small-parameter models are inadequate for disambiguation and cross-document integration, requiring ≥7B 

parameters for reliable performance 

18. Explicit architectural mechanisms (hybrid retrieval, structured prompting, citation enforcement) are essential 

for  robust financial QA 

The released benchmark corpus and evaluation framework enable reproducible assessment of RAG robustness in 

complex information environments. As financial institutions deploy LLM-based advisory systems, our findings 

underscore the necessity for rigorous testing with realistic, overlapping documentation before production deployment. 
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APPENDIX A: COMPLETE QUERY-CONTEXT-OUTPUT EXAMPLES 

A.1 Successful Case: Q6 (NEFT) 

Query: "What is NEFT?" 

Retrieved Context (PDF 3): 

"NEFT (National Electronic Funds Transfer) — Timing: Batch processing, 

 24x7 since December 2019 — Amount: No minimum/maximum limits — 

 Speed: 30 minutes to 2 hours (settled hourly batches) — Cost: Free 

 for savings account holders; nominal for current accounts — 

 Use Case: Non-urgent domestic transfers" 

 

Generated Output: 

"NEFT is a National Electronic Funds Transfer system that operates 24x7 with batch processing, settling transactions in 

hourly batches taking 30 minutes to 2 hours. It has no amount limits and is free for savings account holders." 

Assessment: 80% relevance, 70% factual accuracy. Minor omission of "current account" cost detail. 

A.2 Failure Case: Q10 (Daily Transactions) 

See Section 4.3.2 for detailed analysis. 

 

APPENDIX B: IMPLEMENTATION CODE 

Complete Python implementation available at: [GitHub repository link] 
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