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Abstract

Domain-specific question answering requires both linguistic fluency and evidence-
grounded accuracy, yet conventional large language models may produce unsupported
claims, omit document provenance, or fail to reflect updated institutional knowledge.
This paper proposes a retrieval-augmented generative artificial intelligence framework
that integrates document normalization, metadata-aware semantic chunking, hybrid
sparse-dense retrieval, cross-encoder reranking, evidence-constrained generation,
citation verification, and selective abstention. A modular mathematical formulation
defines retrieval fusion, context selection, grounded decoding, and confidence-based
response control. The evaluation protocol specifies document-level partitioning, expert-
annotated questions, retrieval and answer metrics, latency measurement, and error
analysis. To illustrate reporting requirements without fabricating empirical evidence,
numerical tables and graphs use explicitly hypothetical example values; these are not
measurements of an implemented system. The framework provides a reproducible
architecture and a testable set of hypotheses concerning answer correctness, evidence
faithfulness, retrieval coverage, and operational efficiency. The contribution is a
transparent research design for trustworthy knowledge discovery in organizational,
technical, academic, and regulatory collections.

Keywords: Retrieval-augmented generation; domain-specific question answering;
hybrid retrieval; large language models; evidence grounding; knowledge discovery;
hallucination mitigation; citation verification.

1. Introduction

Artificial intelligence systems increasingly serve as natural-language interfaces
to information that was previously accessible only through manual search,
specialist databases, and document review. In wuniversities, hospitals,
engineering firms, government agencies, and enterprises, valuable knowledge
is dispersed across policy manuals, technical specifications, reports, procedural
documents, frequently asked questions, and archival records. Users rarely
know which file contains a relevant statement, and the terminology used in a
question may differ substantially from that used in the source. Consequently,
effective domain-specific question answering requires more than generating
plausible language: a system must identify authoritative evidence, interpret it
in context, and communicate an answer whose claims can be inspected.

Large language models (LLMs) have made substantial progress in language
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understanding, summarization, and multi-step reasoning. Their parametric
knowledge nevertheless presents practical limitations when applied to narrow
domains. Training data may not include confidential documents, newly revised
policies, or proprietary terminology. A model may respond confidently to an
unanswerable question, conflate similar entities, or cite an irrelevant passage.
Even when an answer happens to be correct, the user may be unable to
determine whether it came from an approved source. These concerns are
especially consequential when answers influence compliance, financial
operations, safety, academic decisions, or clinical workflows.
Retrieval-augmented generation (RAG) addresses part of this challenge by
pairing a language model with an external collection of searchable evidence.
Instead of relying exclusively on memorized facts, the system retrieves relevant
passages at inference time and supplies them as context for answer generation.
The approach introduced by Lewis and colleagues [1] combines parametric and
non-parametric memory and motivates architectures that can wupdate
information by refreshing the index rather than retraining an entire model. Yet
simply appending search results to a prompt does not guarantee reliability.
Poor segmentation, lexical mismatch, irrelevant retrieval, contradictory
passages, and insufficient verification can all propagate errors into the final
response.

Domain-specific corpora create retrieval problems that are distinct from broad
open-domain web search. Specialized abbreviations and codes may carry
precise meanings, while the same term can have different interpretations across
departments. A policy may contain an exception in a footnote, a technical
requirement may be split across tables, and a revised document may supersede
an older version. Document-level provenance, access permissions, version
metadata, and time validity therefore become first-class components of a
reliable knowledge system. A suitable architecture must handle these
constraints before generation begins.

Traditional lexical search methods, including probabilistic ranking approaches
such as BM25 [2], remain useful for exact terminology, part numbers, and
named entities. Dense neural retrieval can capture semantic relationships
between differently worded queries and passages [3]. Neither method is
universally superior: lexical ranking may miss paraphrases, whereas
embeddings may overlook rare identifiers or subtle numerical distinctions.
Hybrid retrieval combines complementary evidence sources, and a second-
stage reranker can examine query—passage interactions more carefully. The
quality of the retrieval stage often determines whether a generator receives the
information needed to answer accurately.

Knowledge discovery introduces an additional requirement beyond finding a
single sentence. A user may ask for a comparison across multiple reports, an
explanation of how a process changed, or a synthesis of several clauses. The
system must preserve source boundaries while composing a coherent response.
It should distinguish direct quotations, inferential summaries, and unresolved
ambiguities. When two authoritative documents conflict, a reliable assistant
should surface the disagreement rather than invent a reconciled policy. When
no sufficient evidence exists, abstaining or requesting clarification may be
preferable to producing a confident guess.

Grounding is also an evaluation problem. Conventional overlap metrics such as
exact match and token-level F1 can be informative for short factual questions
but may understate the quality of valid paraphrases or fail to detect
unsupported additions. Modern RAG evaluation separates retrieval relevance,
answer relevance, and faithfulness to retrieved evidence [4]. Other frameworks
combine automated judging with small human-labeled samples [5]. An
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adequate experimental design must therefore assess not only answer
correctness but also the evidence behind each claim, citation accuracy, retrieval
coverage, and system responsiveness.

This study proposes a modular domain-aware RAG framework organized
around ingestion, indexing, retrieval, evidence selection, grounded generation,
and post-generation verification. The architecture supports both sparse and
dense search, metadata filtering, reranking, and explicit source citation. Its
central design principle is that evidence must be traceable through the entire
pipeline: from an authorized source document to an indexed chunk, from a
retrieved passage to a generated claim, and from that claim to a verifiable
citation. This traceability is intended to make failure diagnosis and human
review practical.

The research questions are threefold. First, can hybrid retrieval and reranking
improve the availability of relevant evidence compared with either sparse or
dense retrieval alone? Second, can evidence-constrained prompting and claim-
level verification reduce unsupported statements while preserving useful
answer coverage? Third, what trade-offs emerge between retrieval depth,
context length, latency, and answer quality? These questions are framed as
testable hypotheses, not as already established experimental outcomes of the
proposed system.

The paper contributes an integrated technical design, mathematical
formulations for the principal stages, an evaluation protocol suitable for
specialized document collections, and a clearly labeled illustrative results
template. It does not claim to have executed a benchmark or trained a new
model. This distinction is important because credible applied Al research must
separate architectural proposals, established findings from prior literature, and
measured results from a real deployment. The remaining sections examine
relevant literature, detail the framework, specify reproducible evaluation
procedures, and discuss expected benefits, limitations, and directions for
validation.

2. Related Work

Research on information retrieval established the foundation for selecting
relevant documents from large collections. Probabilistic ranking models
estimate relevance using term frequency, document frequency, and document
length, with BM25 becoming a widely used strong lexical baseline [2]. In
specialized settings, lexical retrieval is particularly valuable when exact
phrases, codes, and rare technical expressions matter. However, exact matching
may be insufficient when users employ colloquial questions or paraphrase
official terminology. This gap motivated neural representation learning for
information retrieval, where semantically related queries and passages can be
mapped into a shared vector space.

Dense Passage Retrieval (DPR) demonstrated how a dual-encoder architecture
could learn representations for questions and passages and perform efficient
approximate nearest-neighbor retrieval [3]. The approach separates query
encoding from document encoding, enabling precomputation of corpus
embeddings. Dense retrieval is appealing for domain-specific collections
because it can recover conceptually related text without exact word overlap. Its
limitations include sensitivity to domain shift, embedding model choice, and
rare tokens. For a corpus containing numerical thresholds, legal clauses, or
specialized product identifiers, dense similarity alone may rank a generally
relevant passage above the precise authoritative answer.

Lewis et al. [1] introduced retrieval-augmented generation as a combination of
neural generation and non-parametric memory. Their formulations show how
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retrieved passages can condition an output sequence and how different
passages may contribute to generation. This line of research established that
external retrieval could improve knowledge-intensive tasks without requiring
every fact to reside in model weights. For organizational deployment, however,
retrieval augmentation must be adapted to governance requirements, including
approved data sources, document freshness, and evidence attribution. A
domain-focused design should therefore regard corpus management and access
control as part of the reasoning pipeline rather than as auxiliary engineering.
Open-domain question answering benchmarks provide useful methodological
lessons. Natural Questions [6] contains authentic search questions associated
with annotated Wikipedia pages, including examples without a supported
answer. The benchmark highlights the importance of realistic question
distributions, annotation variability, and explicit unanswerability. Domain-
specific evaluations should similarly include questions requiring exact lookup,
multi-document synthesis, version awareness, and justified abstention. Merely
testing a handful of straightforward fact-retrieval questions may inflate
performance estimates and conceal failure modes that matter in operational
environments.

Hybrid retrieval has become a practical response to the different strengths of
lexical and semantic ranking. Reciprocal rank fusion [7] combines ranked lists
without requiring directly comparable raw scores, making it useful when BM25
and dense similarity have different numerical scales. Fusion also helps protect
exact-match retrieval performance while allowing semantic candidates into the
pool. Nevertheless, fused retrieval may still contain redundant, stale, or
tangential chunks. Candidate diversity, deduplication, source authority, and
temporal metadata are important additional signals when constructing
evidence for an LLM.

Cross-encoder reranking offers a more expensive but potentially more
discriminative second-stage relevance model. Unlike dual encoders that score
independently encoded vectors, a cross-encoder examines the query and
candidate passage jointly, permitting fine-grained token interactions. Work on
passage reranking with BERT [8] illustrates the effectiveness of such
interaction-based ranking. In a domain-specific RAG pipeline, reranking should
operate over a bounded candidate set to control inference cost. It should also be
tested for robustness to numerical questions and subtle negation, where fluent
but incomplete relevance judgments can be misleading.

Document segmentation is another consequential design decision. Fixed-length
chunking simplifies indexing but may separate a heading from its governing
paragraph, split a definition from its exception, or detach a table from its
explanatory notes. Structure-aware chunking attempts to preserve sections,
paragraphs, and document hierarchy. Overlap can improve continuity but
increases index size and duplicate evidence. A research-quality system should
report chunk size, overlap, parsing rules, and the handling of tables and
scanned pages because these preprocessing choices influence retrieval metrics
as much as the choice of retriever.

Faithfulness and factuality have emerged as distinct quality dimensions for
generated answers. An answer can be fluent and responsive while introducing
claims unsupported by the supplied documents. RAGAs [4] proposes reference-
free metrics to examine retrieval and generation quality, including faithfulness
and answer relevance. ARES [5] evaluates context relevance, answer
faithfulness, and answer relevance using automated judges calibrated with
limited human annotations. These approaches make large-scale testing more
feasible, but automated judgments can themselves contain errors. Critical
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applications therefore benefit from human auditing, transparent scoring
rubrics, and agreement analysis.

Citation attribution is closely related to but not identical with answer
correctness. A statement may be true in the broader world yet unsupported by
the cited document; conversely, a citation may contain relevant information
without establishing the specific claim being made. Reliable systems need
claim-level attribution, source identifiers, and ideally passage spans.
Verification should assess whether the cited evidence entails the claim, whether
a more recent document supersedes it, and whether the answer omits a
qualifying condition. For multi-source synthesis, attribution may require more
than one citation for a single conclusion.

Recent work on self-reflection and adaptive retrieval has explored decisions
about when to retrieve and how to critique generated outputs. Self-RAG [9]
proposes reflection tokens to guide retrieval and critique, while corrective RAG
[10] emphasizes assessment of retrieved evidence and corrective actions when
retrieval quality is inadequate. These directions support a general lesson:
retrieval should not be treated as a fixed one-shot operation. However, complex
adaptive pipelines may introduce latency, additional model calls, and harder-
to-audit behavior. The present framework adopts bounded verification and
selective abstention to balance reliability and operational simplicity.

The literature reveals several unresolved integration challenges. A retriever
optimized for top-k relevance may not produce the best context for generation;
a generator optimized for answer similarity may not be faithful; and a citation
system may provide attractive references without proving individual claims.
Furthermore, benchmark improvements do not automatically transfer to
proprietary documents with noisy formatting and frequent revisions. The
proposed architecture addresses these gaps at the system-design level through
hybrid ranking, structured metadata, context selection, claim verification, and
an evaluation protocol that separates the performance of each stage. Empirical
validation remains necessary before claims of superiority can be made.

3. Proposed Methodology

3.1 System architecture and information flow

The system is divided into an offline ingestion/indexing path and an online
question-answering path. Approved documents are parsed, normalized,
segmented, enriched with metadata, embedded, and indexed. At query time, a
permissions-aware search retrieves sparse and dense candidates, fuses
rankings, reranks passages, and constructs a bounded evidence context. The
generator answers only from this context, and a verification layer checks
citation alignment, contradiction, and support before release.

Authorized Parse + Hybrid Retrieve + Evidence
documents chunk indexes rerank selection
User Grounded Verify +
question LLM cite/abstain

Figure 1: Proposed domain-specific retrieval-augmented question-answering
architecture (conceptual design).
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3.2 Document ingestion and metadata-aware chunking

Each source document d is assigned an immutable identifier, revision
timestamp, owner, access-control label, and source URI. Parsing preserves
section titles and table associations where possible. A segmentation operator S
divides the document into chunks ci subject to a token budget B and structural
boundaries. Each chunk retains offsets into the original document, permitting
later citation verification. The ingestion pipeline rejects malformed records,
records extraction errors, and reindexes changed versions.

C(d)=S(d; B, o, h), M(ci ) ={doc_id, section, version, ACL, offsets} 1)

Here B denotes maximum chunk length, o the overlap allowance, and h
structural heading information. Metadata M is stored alongside each chunk; the
access-control list (ACL) is applied before candidates can be shown to the
generator.

3.3 Hybrid retrieval and reciprocal rank fusion

For query q, a sparse retriever ranks chunks using BM25, while a dense
retriever uses cosine similarity between encoded query and passage vectors.
Authorized candidates are fused with reciprocal rank fusion, which avoids
assuming that lexical and vector scores share a common scale.

s_dense(q,c) = (e(q) - e(c)) / (I le(q)!'| I'le(c)!l) (2)
RRF(clq)=2r 1/ (ko + rankr (clq)) 3)

The sum extends over sparse and dense ranked lists; ko is a smoothing constant
(a preregistered example setting is 60). Candidates absent from a list contribute
zero for that list. Duplicate passages are collapsed using document identifiers
and offsets.

3.4 Reranking and evidence-budget optimization

A cross-encoder computes a query-dependent relevance score for each
candidate. A selection stage balances relevance, source authority, and
redundancy while respecting the available prompt budget. This is important
because sending too many similar chunks can obscure the decisive evidence
and increase latency.

s_ce(q,c) =f_O([CLS] q [SEP] c [SEP]) 4)
* = argmax_C Z(c€C)[as_ce(qg,c)+Ba(c)] - YRedundancy(C) (5)
subject to £(c€C) tokens(c) < B_context and ACL(c,q)=allow. (6)

The parameters «, (3, and v are tuned only on validation data; a(c) measures
authority or version priority. Equation (5) represents a constrained selection
objective, which may be approximated greedily in implementation.

3.5 Evidence-grounded answer generation

The prompt contains the question, selected evidence with stable citation
identifiers, and an instruction to avoid unsupported assertions. The language
model produces a draft answer and a mapping between atomic factual claims
and supporting passage identifiers. Where a question requests synthesis, the
model is permitted to combine evidence only when the conclusion is explicitly
supported by the cited passages.

y =argmax_y P_¢@(y | q, C¥, I_grounded) (7)
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I_grounded denotes the grounding policy. The generation procedure must
preserve qualifiers, numeric units, exceptions, and uncertainty. The model is
not instructed to infer facts from an inaccessible source.

3.6 Claim verification and selective abstention

Each answer is decomposed into atomic claims aj . A verifier estimates whether
cited evidence supports each claim and flags missing support or contradiction.
The system releases a complete answer only when minimum support and
retrieval coverage conditions are met; otherwise it returns a qualified partial
answer or abstains.

F(¥,C*) = (1/m) Lj support(aj , cited(C*)) (8)
Decision = answer if F > t_f and coverage 2 t_c; else abstain. 9)

Support is an operational scoring function, not a calibrated probability unless
independently validated. Thresholds t_f and t_c should be selected on a
validation set to satisfy a target error rate. Human review is recommended for
high-impact uses.

4. Experimental Design and Evaluation Protocol

4.1 Data, sampling, and baselines

A reproducible study should construct a versioned corpus from an approved
specialized domain, such as university regulations, technical manuals, or
organizational policies. The corpus should be partitioned at the document-
family level to reduce leakage from near-duplicate revisions. Subject-matter
experts should annotate a stratified test set containing direct lookup,
paraphrased lookup, multi-hop synthesis, conflicting-source, temporal-update,
and unanswerable questions. Each item should include a reference answer,
supporting document spans, and an answerability label. The proposed
comparison comprises: LLM without retrieval; sparse BM25 RAG; dense-only
RAG; hybrid RAG; and the full hybrid, reranked, verified framework. All
generator settings should be matched across comparable conditions.

4.2 Implementation settings and controls

An implementation may use Python, a document parser, BM25 indexing, a
sentence-embedding model, an approximate nearest-neighbor vector index, a
cross-encoder reranker, and a fixed-version instruction-following LLM. Model
identifiers, prompt templates, chunk size, overlap, retrieval depth, context
budget, temperature, seed, hardware, and library versions must be disclosed.
As a starting configuration rather than a tested optimum, a researcher could
evaluate 400-token chunks with 60-token overlap, 20 candidates per retriever,
reranking to 8 passages, and temperature 0. The final values should be chosen
on validation data and locked before test evaluation.

4.3 Metrics and statistical analysis

Retrieval should be assessed with Recall@k and mean reciprocal rank (MRR).
Answer correctness should be evaluated using exact match or token F1 for short
answers and blinded expert scoring for longer responses. Faithfulness is the
fraction of answer claims supported by cited passages; citation precision
measures the fraction of cited claims whose citations genuinely support them.
The abstention rate and selective risk quantify behavior when evidence is
insufficient. Median and 95th-percentile latency and resource cost should be
reported. Bootstrap confidence intervals over questions and paired significance
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tests are recommended; multiple comparisons should be adjusted when
appropriate.

Recall@k = (1/N) Zi ({relevant evidence in top-k for qi } (10)
MRR = (1/N) Zi 1/rank; (11)
Faithfulness = supported factual claims / all factual claims (12)

5. Results and Discussion

IMPORTANT: The following numerical results are hypothetical, constructed
solely to demonstrate the required tables, charts, calculations, and
interpretation. They are not observations from an implemented experiment and
must not be cited as evidence that the proposed system outperforms existing
approaches. A submission reporting empirical findings must replace them with
measured test-set results.

5.1 Illustrative comparison of system variants

Table 1: Illustrative numerical comparison (synthetic values, not empirical measurements). The example values
represent a plausible accuracy-latency trade-off: additional retrieval, reranking, and verification increase computational
overhead while potentially improving evidence quality. A real study must report confidence intervals and assess

whether improvements persist across domains and question categories.

System Recall@5 Answer F1 Faithfulness (%)  Citation Median latency
(%) (%) precision (%) (ms)
LLM only — 64.0 68.0 — 420
BM25 RAG 72.0 73.0 79.0 74.0 650
Dense RAG 78.0 77.0 82.0 78.0 710
Hybrid RAG 85.0 82.0 87.0 84.0 830
Proposed full pipeline 90.0 87.0 93.0 91.0 1120
100

mmm Answer F1
[ Faithfulness

80

60 A

40 A

Illustrative score (%)

201

umon™ B2 RO pense RAG

orid MPC can oo™
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Figure 2: Illustrative (synthetic) answer F1 and faithfulness scores across
architectural variants; not measured experimental results.
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5.2 Illustrative ablation analysis

Table 2: Hypothetical ablation values for an eventual controlled experiment. The ablation design isolates how lexical

retrieval, reranking, verification, and metadata filtering might contribute to overall performance. Importantly, disabling

a component should leave all other hyperparameters and test questions unchanged. Real ablation results should be

analyzed per question type and should include variance estimates.

Configuration Recall@5 (%) Faithfulness (%) Citation precision (%)
Full pipeline 90.0 93.0 91.0
Without sparse retrieval 82.0 90.0 87.0
Without reranking 86.0 88.0 86.0
Without verification 90.0 82.0 79.0
Without metadata filtering 88.0 85.0 81.0

5.3 Illustrative latency—quality trade-off

Table 3: Hypothetical sensitivity analysis. The illustrative saturation in answer quality at larger context sizes motivates

a real optimization experiment: more passages are not necessarily better if they add irrelevant or contradictory material.

An appropriate deployment threshold should consider latency budgets, energy use, and the severity of unsupported

answers.

Reranked context size

Answer F1 (%)

Faithfulness (%)

Median latency (ms)

Top 2 78.0 89.0 720
Top 4 83.0 91.0 900
Top 8 87.0 93.0 1120
Top 12 87.5 92.0 1470
95
- m
= 7 - 1400 £
& 901 - >
— - c
[T hd [
T gs | - 1200 é
: 3
2801 - 1000 E
S E
ERER B
= - 800 @
70 -

2 4 6 8
Number of context passages

10

12

Figure 3: Synthetic sensitivity example showing how quality gains might saturate as

latency increases.

5.4 Interpretation, threats to validity, and practical implications

The numerical examples are useful for demonstrating how a future results
section should connect retrieval quality to answer quality, but they cannot
establish causality or performance. A real experiment must distinguish retrieval

misses from generation failures, citation mismatches

from factual errors, and
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valid abstentions from unnecessary refusals. Dataset construction can introduce
selection bias if annotators favor easily searchable questions. Automatically
generated questions may overrepresent surface-level facts. Documents may
contain sensitive material or embedded malicious instructions; the retrieval
layer must enforce authorization, and the generation layer must treat retrieved
text as untrusted data rather than executable instructions. Model-based
evaluators may favor verbose answers, so blinded expert adjudication is
necessary for a representative subset. Temporal drift should be tested by
replacing documents with revised versions and measuring whether answers
follow the latest authorized source. Domain transfer should be assessed on a
second corpus with different vocabulary and document structure.

6. Conclusion

This paper presents a structured retrieval-augmented generative Al framework
for domain-specific knowledge discovery and reliable question answering. The
proposed architecture integrates metadata-aware ingestion, hybrid lexical—-
semantic retrieval, cross-encoder reranking, bounded evidence selection,
grounded generation, citation verification, and selective abstention. Its
mathematical formulation and evaluation protocol make the design
implementable and empirically testable. The framework targets three persistent
limitations of domain-specific language systems: inadequate retrieval of
authoritative evidence, unsupported generation, and weak source traceability.
Numerical tables and figures were provided as explicitly hypothetical reporting
examples, not experimental findings; accordingly, no empirical performance
improvement is claimed. Future work should implement the framework on a
permissioned, versioned corpus, compare it against matched baselines, report
uncertainty intervals, test robustness to document revisions and prompt
injection, and quantify the trade-offs among correctness, faithfulness,
abstention, latency, and cost. Reliable deployment will depend on the combined
performance of retrieval, generation, verification, governance, and ongoing
human evaluation.
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