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ABSTRACT

Systems that are built around large language models(LLMs) have to answer questions whose
answers are provided by the model itself. Its accuracy degrades on hierarchical collections,
which are revised over time, and that demand exact citations.

This thesis develops a framework for such collections in two parts. The first part is a structural
pipeline that respects the hierarchy of the source documents at every stage. It splits text into
sections and clause boundaries, attaches citation-grade metadata to each chunk, runs a dense
neural retriever and a sparse term-matching retriever in parallel, fuses their ranked lists, and
reranks with A cross-encoder that uses the metadata as an extra signal, and constrains the
language model to a fixed output format. The second part is a stateful agentic layer that wraps a
lightweight controller around the structural pipeline. The controller maintains a working memory
across retrieval calls, reflecting on the evidence collected so far, decides whether the evidence is
sufficient, and issues a refined query when it is not.

The structural pipeline is implemented and evaluated on a corpus of central Indian statutes
against a benchmark of two hundred test queries whose ground-truth applicable provisions were
prepared by a practising domain expert. The pipeline identifies the primary applicable citation
in 94.0% of test queries (188 of 200; 95% Wilson interval [89.8%, 96.5%]) and returns the
full applicable citation set in 82.0% (164 of 200; 95% Wilson interval [76.1%, 86.7%]). Every
neural component is used without domain-specific fine-tuning, so the reported numbers reflect
the pipeline’s behaviour in the absence of any domain-adaptation effect. The stateful agentic
controller is presented as a fully specified design, composed from methods already published in
the agentic and self-reflective retrieval literature; its end-to-end empirical evaluation is left for
subsequent work.

il
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CHAPTER 1

INTRODUCTION

A language model trained on the open web can write fluent prose, answer general-knowledge
questions, and follow instructions. It cannot answer questions whose answers are absent from
its training data, and it cannot retain anything beyond its context window. Both limits become
consequential when the model is asked to reason about a body of authoritative text that is too
large to fit in one prompt and too specialised to be present in the training corpus: for example,
a body of statutes, a set of clinical guidelines, a regulatory standard, or a body of scientific
literature. The architecture that brings external text into a language model’s context at inference
time is retrieval-augmented generation (RAG) [1]; the chapters that follow specify the form RAG
must take before it can support reasoning in such settings.

1.1 Reasoning Over External Knowledge

Two properties of contemporary language models motivate the problem addressed in this thesis.
The first is that the parametric knowledge of the model is fixed at the moment of training. Any
amendment, correction, or new edition of the source after that moment is invisible to the model
unless an external mechanism supplies it. The in-context retrieval-augmented setting [2] is the
established way to inject such updates at inference time without retraining. The second property
is that even when the relevant information is brought inside the context window, the model does
not use it uniformly: performance follows a U-shaped curve, peaking at the start and the end of
the input and dropping in the middle [3]. Adding more context, on its own, does not produce
more reasoning.

A different way to state the same observation is that contextual reasoning is a separate problem
from contextual retrieval. The retrieval problem is to place the relevant text inside the model’s
context window. The reasoning problem is to compose an answer from that text. The two interact:
a missed retrieval guarantees a wrong answer, but a successful retrieval does not guarantee a
correct one. A retrieval-augmented system intended for knowledge-intensive applications must
treat both problems as first-class concerns, not only the first.

1.1.1 Knowledge-Intensive Corpora

The settings in which both problems become acute are knowledge-intensive: applications whose
answers must be grounded in a body of authoritative text that the model has not memorised. Four
properties recur across the corpora considered in this thesis and define the operational notion of
knowledge-intensive used throughout the document.

(i) Large size, well beyond what fits inside any single language-model context window.

(i1) Hierarchical structure, where the citable unit is a section, clause, recommendation, or
paragraph rather than the whole document.

(iii) Periodic revision, where newer versions of a provision can supersede older ones while
the corpus retains both.

(iv) Strict citation grounding, where any claim drawn from the corpus has to be tied to a



precise location in it.

For the rest of the thesis, the strict reading of “knowledge-intensive” refers to a corpus that
exhibits all four properties simultaneously; the empirical evaluation in Chapter 4 uses one such
corpus. Elsewhere in the document the looser adjectives “specialist”, “structured”, or “citation-
grounded” are used when only a subset of the four properties is relevant to the argument being

made.

1.2 Failure Modes of the Default Pipeline

The version of RAG most commonly described in reference implementations and introductory
accounts follows a single template: split each document into fixed-token windows, embed each
window with a single dense encoder, fetch the top-k windows by inner product at query time,
and pass them to a generator. This default pipeline issues exactly one retrieval call per query.
Three properties of this pipeline cause its failures on knowledge-intensive workloads, and the
rest of the thesis is organised around them.

Stateless retrieval. A single retrieval call is the unit of work. If the call misses, the pipeline
has no mechanism to recover. If the answer requires evidence from several parts of the corpus,
the pipeline has no mechanism to compose them. Multi-step question answering exhibits the
same failure mode: information that should have been retrieved at the first step is required
only after the retriever’s single call has already returned, leaving no opportunity for a second
fetch [4]. Recent work on iterative and self-reflective retrieval [5, 6] attacks the same problem
from the other side, treating retrieval as a step inside a longer reasoning loop rather than as a
one-shot fetch. The ReAct formulation [7] makes this loop explicit: the model alternates between
reasoning steps and external actions, and decides what to do next based on what it has just seen.

Structural blindness in chunking. A pipeline trained on free-form web text treats a document
as a stream of tokens. Knowledge-intensive corpora are not streams. A statute is a list of sections,
each of which is the indivisible citable unit. A clinical guideline is a list of recommendations. A
standard is a list of clauses. When a fixed-size chunk begins inside one section and ends inside
the next, the resulting passage cannot be used as a citation even if its embedding is close to the
query, because the citation metadata is ambiguous. The boundary problem is the cause, not the
chunk size.

Encoder mismatch. The dense and sparse retrievers used in a default pipeline are trained on
general-purpose data. They do not encode the in-domain meaning of an act name or a section
number, and they lose accuracy on specialist corpora compared to their in-distribution numbers
[8, 9]. A sparse retriever [10] compensates on exact terms but reintroduces vocabulary mismatch
in the other direction.

The three properties are independent. Resolving chunking does not resolve stateless retrieval,
resolving stateless retrieval does not resolve the encoder mismatch, and resolving the encoder
mismatch does not resolve chunking. A retrieval-augmented system intended for knowledge-
intensive applications must address all three; the framework developed in the chapters that follow
does so explicitly.

1.3 Structure and State as Complementary Mechanisms

Two properties are absent from the default pipeline and are restored by the framework developed
in this thesis: structure and state. Each addresses one half of the contextual reasoning problem.
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Figure 1.1. Two layers of the proposed framework.

Structural context within a single retrieval call. If chunks respect the citation grain of the
corpus, the metadata that defines each citation can travel with each chunk into the retriever and
the reranker. The retriever can then use the metadata as an additional signal, the generator can
produce citations that survive an end-to-end check, and the pipeline can operate on a precise
(document, section, clause) tuple rather than on a positional window.

State across many retrieval calls. If the retriever runs inside a loop that carries a working
memory, the loop can recover from missed retrievals by issuing a refined query, compose
evidence from several calls before producing an answer, and stop when the accumulated evidence
is sufficient. This is the control structure followed by recent agentic and self-reflective retrieval
methods, including ReAct [7], Self-RAG [6], FLARE [5], Self-Refine [11], and Reflexion [12].

The thesis develops both directions inside a single framework. The structural layer is a
five-stage pipeline that respects document hierarchy at every stage: section-aware chunking,
metadata extraction, hybrid retrieval combined through Reciprocal Rank Fusion (RRF) [13],
cross-encoder reranking with a metadata provenance bonus, Maximal Marginal Relevance
(MMR) [14] diversity selection, and schema-constrained generation. The stateful layer wraps a
controller around this pipeline so that retrieval becomes one action inside a longer reasoning loop,
with a persistent working memory, a reflect-and-refine step, and a confidence-gated stopping
rule.

Figure 1.1 previews the two layers and their interface.

1.4 Contributions

The principal contributions of the thesis are the following.

1. A unified framework that combines a structural retrieval pipeline with a stateful agentic
controller for contextual reasoning over knowledge-intensive corpora, with a narrowly defined



interface (the evidence pool and the query stream) between the two layers.

2. A structural pipeline that respects citation grain at every stage. Its components are: priority-
ordered, section-aware chunking with a fallback hierarchy; regular expression metadata
extraction; rank-level fusion of dense and sparse candidates; cross-encoder reranking with an
additive metadata provenance bonus; diversity selection; and schema-constrained generation.
The pipeline is implemented and evaluated end-to-end.

3. A stateful agentic controller for the same framework, with a persistent working memory, an
explicit plan-retrieve-read-reflect-decide loop, and a confidence-gated stopping rule. The
controller is composed from methods already established in the agentic and self-reflective
retrieval literature; it is presented in this thesis as a design-only contribution, and its end-
to-end empirical evaluation against the same benchmark is reserved for subsequent work
(Section 6.3).

4. An end-to-end empirical evaluation of the structural pipeline on a corpus chosen as an
instantiation of the four knowledge-intensive properties of Section 1.1.1. The evaluation
is positioned as evidence about the framework’s behaviour: it quantifies the gap between
primary-citation accuracy and full-citation-set accuracy and traces the residual error to the
failure modes that the stateful controller is designed to address.

1.5 Scope

The thesis evaluates the structural layer end-to-end and presents the stateful agentic layer as a
fully specified design. The end-to-end empirical evaluation of the stateful layer against the same
benchmark is left to subsequent work. All neural components used in the empirical evaluation
are off-the-shelf, so the reported numbers do not include any benefit that domain fine-tuning
of the encoder or reranker might add; component-level attribution is reserved for the future
ablation study identified in Section 6.3. The corpus used in the evaluation is in English, and the
cross-lingual case is identified as future work.

Chapter 2 situates the framework against prior work on retrieval-augmented generation,
agentic and self-reflective retrieval, structure-preserving retrieval, and knowledge-intensive
domains, and articulates the gap in the literature that the thesis addresses.



CHAPTER 2

RELATED WORK

Agentic, stateful retrieval and structure-preserving retrieval have grown into two largely indepen-
dent lines of work. Each of them answers part of the problem set out in Chapter 1, but neither
answers all of it. This chapter argues that the two lines must be combined rather than treated as
alternatives, and that the combination is what a knowledge-intensive retrieval-augmented system
requires.

2.1 Retrieval-Augmented Generation

The neural backbone shared by all retrieval-augmented systems is the transformer [15], applied
first to encoder pre-training [16], then to encoder-decoder pre-training [17], and to large decoder-
only language models [18]. The RAG architecture combines a retriever and a generator inside
a single answering pipeline. The original RAG system [1] paired a dense retriever with a
generator in the Bidirectional and Auto-Regressive Transformers (BART) family [19] and trained
the two end-to-end with an objective that marginalised over the choice of passage. REALM
[20] introduced a related architecture for retrieval-augmented masked language modelling, and
Fusion-in-Decoder [21] simplified the generator side by feeding all retrieved passages through a
single decoder. RETRO [22] pushed the idea into the pre-training stage with a frozen retriever
over a trillion-token corpus.

A subsequent body of work showed that modern decoder language models do not need to
be trained jointly with the retriever. Prepending retrieved passages to the prompt at inference
time recovers most of the benefit of a trained retrieval-augmented model [2]. This in-context
formulation is the one the thesis adopts because it lets the generator be replaced without retraining
the retriever.

In all of these systems the retriever is called once per query. The retrieved passages enter the
generator’s context window, and the generator produces an answer. There is no state between
queries, no recovery mechanism if the retriever’s single call misses, and no compositional
procedure for combining evidence from separate calls. The default RAG pipeline is, in this sense,
stateless.

2.2 Limitations of Stateless Retrieval

Recent work supports three claims about single-shot retrieval on a structured corpus.

Multi-hop evidence requirements. On multi-step question answering benchmarks, a single
retrieval call frequently fails to surface every passage that the answer depends on. Interleaving
retrieval with chain-of-thought reasoning, so that each step in the reasoning can issue its own
retrieval call, recovers a large fraction of the missed evidence [4].

Long context versus effective context. A language model with a long context window does
not use that window uniformly. The effect reported in [3] takes the form of a U-shaped accuracy



Table 2.1. Retrieval approaches and their trade-offs.

Approach Strength Weakness Cost

Boolean exact match on indexed recall loss on paraphrase | low
terms

Okapi BM25 weighted exact-term no semantic similarity low

match using inverse
document frequency

Dense retriever semantic similarity in rare-token miss medium
embedding space

Hybrid combines exact and two indexes plus fusion medium

(dense+BM25) semantic signals parameter

curve: performance is highest when relevant information sits at the start or end of the context and
lowest when it sits in the middle. Retrieving more passages and inserting them into the prompt
does not solve the reasoning problem behind it; the model still fails to use the middle of its input.
Reasoning is therefore not a function of retrieval bandwidth alone.

Residual hallucination under retrieval grounding. The introduction of retrieval grounding
lowers the rate of unsupported claims in dialogue and summarisation [23, 24], but the rate never
falls to zero. The survey of hallucination in natural language generation [25] catalogues the
contributing factors across generation tasks and recommends retrieval grounding, faithfulness
against the source, and consistency over generated text as the main mitigations. The structural
and stateful layers of this thesis contribute to these mitigations at different stages of the pipeline.

Table 2.1 groups the retrieval approaches discussed in this and the following section. The
grouping makes the design trade-offs explicit and helps locate the structural layer of the thesis
inside it.

2.3 Agentic and Stateful Retrieval-Augmented Generation

The lines of work in this section share one move: they replace a single-shot retrieval call with
a controller that maintains a state and issues several actions in sequence. The state may be the
reasoning trace, the running draft of the answer, an episodic memory of past attempts, or a
structured working memory. The actions may be retrieval calls, tool calls, or revisions of the
output. The thesis composes a controller from these primitives.

Externalised reasoning. Chain-of-thought (CoT) prompting [26] gave language models a way
to write their intermediate reasoning down as part of the output. The written reasoning trace is a
convenient medium for a controller’s state, and is a precondition for the agentic methods that
follow.

Action and observation loops. The ReAct framework [7] interleaved reasoning steps with
external actions (retrieval calls, tool calls) and observations returned by those actions, so that the
model could decide what to do next based on what it had just seen. Toolformer [27] taught a
language model to insert tool calls into its own output through self-supervised data construction.

Self-reflection and self-refinement. Self-Refine [11] and Reflexion [12] added an explicit
reflection step in which the model criticises its own intermediate output and uses the critique to



Table 2.2. Agentic and iterative retrieval methods compared.

Method Step trigger Step action State carried
Chain-of-Thought every step reason reasoning trace
[26]
ReAct [7] reasoning step retrieve or call a trace and
tool observations
Self-Refine [11] inspection of draft | rewrite the draft last draft
Reflexion [12] task failure rewrite the policy episodic memory
Self-RAG [6] learned token retrieve or suppress | emitted tokens
FLARE [5] low token retrieve partial draft
confidence
IRCoT [4] each CoT step retrieve CoT path
HyDE [28] initial query draft answer, then | single-step draft
retrieve

drive a revision. The reflection produces an artefact (a critique, an episodic memory entry) that
survives the next iteration.

Retrieval-side gating. Self-RAG [6] applied the reflection idea to retrieval itself: the model
emits special control tokens that decide when to retrieve, when to stop, and when to suppress
an unsupported claim. Active Retrieval Augmented Generation (FLARE) [5] reached a similar
effect with a different signal, triggering a fresh retrieval whenever the generator’s next-token
probability dropped below a threshold. Hypothetical Document Embeddings (HyDE) [28]
rewrite the query before retrieving by prompting the model to draft a hypothetical answer and
embedding that draft.

Persistent agent memory. A separate line of work studies agents that maintain long-running
memory across many actions [29]. The application domain there is different, but the architectural
pattern (a controller that reads and writes a persistent memory) carries over to retrieval-augmented
reasoning, and is the pattern adopted by the stateful layer of this thesis.

An interleaved retrieval and chain-of-thought (IRCoT) [4] controller runs a retrieval call at
every step of the reasoning trace; it is the closest of these methods to the controller composed in
this thesis, except that the stateful layer here writes to a more structured working memory and
uses a confidence-gated stopping rule rather than a fixed retrieval schedule. Table 2.2 compares
the methods above by what triggers a new step, what action the step takes, and what state survives
between steps.

The methods above share two limitations, both individually and considered as a group. They
take the structure of the retrieval index as given, and they are typically evaluated on benchmarks
much smaller than a full statutory or regulatory corpus, where a single general-purpose dense
encoder is sufficient. The stateful layer in this thesis composes these methods, but it composes
them on top of a structural layer that treats the index as a design problem in its own right.

2.4 Structure-Preserving Retrieval

The retrieval side of a RAG pipeline has its own line of work, and this section reviews the parts
the structural layer of the thesis composes.



Sparse retrieval. Boolean and probabilistic ranking methods scored documents by surface
overlap with the query [30-33]. The Okapi Best-Matching-25 (BM25) family [10], which
weights each query term by its inverse document frequency (IDF) and its within-document
frequency, became the strongest single sparse retriever on most ad hoc retrieval collections and
remains a competitive baseline against subsequent neural methods [34].

Dense retrieval. A sentence encoder maps any input string to a fixed-length vector in a shared
embedding space, and similarity search returns the nearest neighbours of the query vector.
Sentence-BERT [35] introduced the encoder used by the structural layer of this thesis. Dense
Passage Retrieval [36] showed that a sentence encoder trained on labelled question-passage pairs
outperforms BM25 on open-domain question answering. Later work added stronger negatives
and curriculum sampling [37-39] or moved similarity scoring to the token level for finer matching
[40].

Zero-shot transfer to specialist corpora. The Benchmarking Information Retrieval (BEIR)
benchmark [8] measured zero-shot transfer of dense retrievers to eighteen out-of-domain col-
lections, reporting results in normalised discounted cumulative gain at rank ten (nDCG@10).
Dense retrievers trained on web-scale question answering lost noticeable accuracy on most
out-of-domain collections, and on several specialist collections they failed to outperform BM?25.
A separate line of work in the legal domain showed that pre-training an encoder on in-domain
text recovers part of that loss on downstream classification and retrieval [9]. The lesson the thesis
takes from the two together is that no single retriever, dense or sparse, dominates on specialist
corpora, and that a hybrid retriever is a reasonable response.

Hybrid retrieval and rank fusion. Combining dense and sparse retrievers requires reconciling
two score scales. Reciprocal Rank Fusion [13] sidesteps this by working with ranks rather than
scores. The smoothing constant k = 60 reported in [13] is the value reused in this thesis; it is
unrelated to the BM25 parameters k; and b in Equation 3.2.

Neural reranking. A two-stage architecture trades query-time computation for ranking preci-
sion: a first-stage retriever returns a small set of candidates and a cross-encoder rescores them
with full attention between the query and each passage [41]. The cross-encoder is too expensive
to run over the full corpus but inexpensive over a few dozen candidates. The treatment in [41]
also discusses the empirical observation that cross-encoders trained on web-search queries lose
accuracy on specialist corpora, which is again consistent with the BEIR results.

Indexing. The Facebook AI Similarity Search (FAISS) library [42] provides exact inner-
product search for corpora up to roughly 10° vectors, and Hierarchical Navigable Small World
(HNSW) graphs [43] provide approximate search beyond that size. The structural layer of this
thesis stays in the exact-search regime because the corpus used in the empirical evaluation is
well inside it.

Diversity selection. Maximal Marginal Relevance [14] maximises a convex combination of
relevance to the query and dissimilarity to already-selected passages. The structural layer of this
thesis uses it as the final step before generation, so that the top-k contexts do not all come from
the same section of the corpus.



2.5 Knowledge-Intensive Domains

The corpora to which the framework is targeted share four recurring properties (Section 1.1.1):
they are large, hierarchically structured, periodically revised, and judged by the precision of their
citations. Several specialist domains exhibit all four properties.

Legal text as a representative case. Legal text exhibits all four properties in a direct form.
Hierarchy is enforced by the act-section-clause structure of statutes; citation grain is enforced
by the rules of legal writing; periodic revision is enforced by the legislative process; encoder
mismatch is documented for legal corpora in particular, where a domain-trained encoder recovers
part of the loss that a web-trained one incurs [9]. Earlier work in the area covers charge
prediction, statute classification, case similarity and question answering [44—48]. A recent
retrieval-augmented system for Indian statutory text [49] pairs a dense retriever with a generator
on a small statutory corpus. The empirical evaluation in this thesis uses an Indian statutory corpus
because it instantiates the four properties without further engineering, not because legal-question
answering is the subject of the thesis.

Other specialist corpora. Beyond the legal domain, the BEIR benchmark contains zero-shot
evaluations on biomedical fact verification, on scientific articles, and on financial question
answering [8]. The pattern reported on those collections is qualitatively similar to the pattern
reported in the legal-domain encoder work [9]: a dense retriever trained on web text loses
accuracy on specialist collections, and a sparse baseline becomes competitive again. The
methodological implication is the same in each of these domains. Treat the retriever as one signal
among several, and respect the structure of the source corpus when building the index.

2.6 Positioning Relative to Prior Work

Three implications follow from the work reviewed above.

First, no single retriever, dense or sparse, dominates on hierarchically structured corpora,
but a hybrid that combines the two through rank fusion is competitive and inherits the recall
properties of both.

Second, a cross-encoder reranker is a low-cost way to recover precision after a first-stage re-
trieval, but a web-trained cross-encoder loses accuracy on specialist corpora and needs additional
signal beyond the candidate text.

Third, the move from a one-shot retrieval call to a stateful controller has been studied in
isolation from the structural concerns of the retrieval stage. The agentic methods of Section 2.3
take the retriever as given.

The thesis combines the implications of these three observations. On the structural side,
it adds document-hierarchy chunking and extracted metadata that travel with each chunk into
the reranker as an additional signal. On the stateful side, it composes the state, reflection,
and re-querying primitives used by ReAct, Self-RAG, FLARE, Self-Refine, and Reflexion [5—
7, 11, 12] into a single loop that runs on top of the structural layer. The central claim of the
thesis is therefore not any individual component but the interface that makes structure and state
composable.

Chapter 3 formalises this composition. It specifies the five stages of the structural layer, the
stateful controller and its working memory, and the evidence-pool interface through which the
two layers communicate.



CHAPTER 3

METHODOLOGY

The framework introduced in Chapter 1 has two layers, and this chapter specifies both. The
structural layer is a deterministic pipeline that prepares a structured corpus for search and that
returns, for any single query, a small set of citation-grade passages. The stateful agentic layer
sits on top and turns a single retrieval call into a sequence of retrieval calls coordinated by a
controller that holds a working memory. The interface between the two layers is the central
object of the chapter, because it is what makes structure and state composable without each layer
having to know the internal details of the other. Specific parameter values are stated abstractly in
this chapter; the concrete values used in the empirical evaluation appear in Chapter 4.

3.1 Framework Overview

The framework has two phases. An offline phase prepares the corpus for search. An online phase
processes each query. The structural layer covers both phases. The stateful agentic layer sits
inside the online phase and wraps a controller around the retrieve-rerank-generate sequence.
Figure 3.1 shows the two phases together with the dashed feedback arc through which the stateful
layer reopens the online sequence with a refined query.

The interface between the two layers is the evidence pool. The structural layer produces,
for each call from the agent, a set of retrieved passages tagged with provenance metadata. The
stateful layer consumes the evidence pool, decides whether to act on it (answer, refine the query,
expand the search, or stop), and calls the structural layer again with an updated query if needed.
The structural layer has no notion of state; the stateful layer has no notion of how retrieval is
implemented. The two interact only through queries in and evidence out.

3.2 Structural Layer

The structural layer is a five-stage pipeline: (i) document processing, (if) metadata extraction,
(iii) hybrid retrieval, (iv) cross-encoder reranking with metadata provenance, and (v) schema-
constrained generation. The five stages share a single data type, the chunk, defined below. The
notation used throughout this chapter is collected in Table 3.1.

3.2.1 Document Processing and Structure-Aware Chunking

A chunk is a contiguous span of text from a single source document, together with the metadata
that identifies its position in the document hierarchy. The hierarchy is corpus-dependent. For
a statutory corpus it is the chain (act, section, subsection, clause). For a clinical guideline
it is the chain (guideline, chapter, recommendation). For a technical standard it is the chain
(standard, clause, subclause). In each case the structural layer assumes that the hierarchy is
recoverable from the source text by surface cues, either headings in plain text or tagged elements
in a structured format.

Fixed-size chunking splits a document at every N tokens, with no regard for these cues. The
result is a stream of chunks that crosses hierarchy boundaries. A chunk that begins inside one
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Figure 3.1. Offline indexing and online retrieval pipeline.

section and ends inside the next cannot be used as a citation, even if its embedding is close to
the query, because the citation metadata is ambiguous. The structural layer replaces fixed-size
chunking with a priority-ordered separator hierarchy. The splitter starts at the highest-priority
boundary and only falls through to a lower one when the current chunk is still longer than the
target size. Table 3.2 lists the priorities used for statutory text; the same priority list generalises
to other hierarchical corpora by substituting the boundary tokens.

The target token budget is set by the encoder’s maximum input length, with a small fixed
overlap between adjacent chunks to preserve sentences that span a split. The overlap is bounded
so that no chunk crosses a citation boundary, even though adjacent chunks share a small number
of tokens around the split point. Each chunk therefore remains a self-contained citation unit, and
the overlap acts purely as a sentence-preserving margin. Concrete values for the budget and the
overlap appear in Chapter 4. Figure 3.2 contrasts the two cutting strategies on a short example
document.

3.2.2 Metadata Extraction

Each chunk is tagged with metadata extracted by pattern matching on the source text. The
patterns are corpus-specific. For statutory text the patterns capture:

* the act name, taken from the document filename and confirmed by in-text references;
* the section number, captured by regular expressions of the form Section\s+\d+[A-Z]*;
* the depth of the chunk in the hierarchy, computed from the prefix sequence of headings;

* the file-level location (filename, page, position within page) so that any citation produced
downstream can be traced back to its origin.

The metadata is stored alongside the chunk text and the chunk embedding. It is consumed
by two later stages. The reranker uses metadata as a tiebreaker, described in Section 3.2.5. The
generator uses metadata to label each retrieved passage in the prompt so that any citation it emits
can be checked against the source.

11



Table 3.1. Symbols used in this chapter.

Symbol Meaning

q input query

c a chunk (a passage of source text)

m metadata attached to a chunk

e dense embedding vector of a query or chunk

N total number of chunks in the corpus

f(t,c) frequency of term ¢ in chunk ¢

ny number of chunks containing term ¢

c|, € chunk length and mean chunk length over the corpus

ki, b saturation and length-normalisation parameters of BM25 (Eq. 3.2)
Rdenses Xsparse | Tanked lists returned by the dense and sparse retrievers
rank,(c) rank of chunk c in ranked list r

kret top-k depth used by each retriever

k (in RRF) smoothing constant of Eq. 3.3

Grused candidate pool after Reciprocal Rank Fusion

Srerank» Sfinal cross-encoder score and combined rerank+provenance score
©(g,m) additive provenance score over metadata fields

A provenance weight in Eq. 3.4

sim(c;, ¢;) cosine similarity between chunk embeddings

S set of chunks already selected by MMR

Ammr relevance / diversity balance in Eq. 3.5

ky number of final contexts handed to the generator

T confidence threshold for the agentic loop

Tinax iteration budget for the agentic loop

My working memory at iteration ¢

2, sequence of refined queries at iteration ¢

& evidence pool at iteration ¢

9, set of unresolved sub-questions at iteration ¢

hy confidence estimate at iteration ¢

Weovs Wagr weights on coverage and agreement in /, (Section 3.3.3)

3.2.3 Embedding and Indexing

The structural layer maintains two indexes over the chunks. A dense index supports semantic
search; a sparse index supports exact-term search.

The dense index uses a sentence encoder [35] that maps each chunk to a fixed-length vector
and applies the L2 normalisation in Equation 3.1, so that inner product equals cosine similarity:
e

—_ 3.1
el G-

€norm —

The normalised vectors are stored in a FAISS inner-product index [42]. For corpora up to 10°
vectors the exact flat index has acceptable latency, and the framework uses it. For larger corpora
the same dense retriever can be re-indexed with HNSW [43].

12



Table 3.2. Separator priority list for structure-aware chunking.

Priority | Separator Role
1 \n\nSection primary statutory division
2 \n\nArticle constitutional provision
3 \n\nClause sub-provision
4 \n\nRule procedural rule
5 \n\nSchedule statutory appendix
6 paragraph break fallback
7 sentence boundary | fallback

Fixed-size chunking (cuts at token count) Section-aware chunking (cuts at headers)

Section 1: Definitions; terms apply to Section 1: Definitions; terms apply to
entities subject to obligations entities subject to obligations under this Act
[cut 1, mid-Section 1] [cut 1, at Section 2 header]
... under this Act. Section 2: Conditions; Section 2: Conditions; a person committing
a person committing the act the act shall be liable to penalty
‘ [cut 2, mid-Section 2] ’ ‘ [cut 2, at Section 3 header] ‘

) shall be liable to penalty. Section 3: Penalty and procedural recourse
Section 3: Penalty and procedural recourse

Figure 3.2. Fixed-size chunking versus section-aware chunking.

The sparse index uses Okapi BM25 [10] over the same chunk texts:

f(t,0) (ki +1)
BM25(q,c) = Y IDF(r)- :
(@) tezq " flt,e)+ka (1-b+b4)

(3.2)

where f(,c) is the frequency of term ¢ in chunk c, |c| is the token length of ¢, ¢ is the mean chunk
length over the corpus, k| and b are the term-frequency saturation and length-normalisation
parameters of [10], and the inverse document frequency (IDF) of term ¢ is the non-negative
variant

IDF(1) = 1n<1+N—,;’_’;§2'5),

with N the chunk count and n; the number of chunks containing ¢. The inner “4-1" shifts the
canonical Okapi IDF into the non-negative range and matches the BM25 implementation used in
widely deployed full-text search engines, including the implementation that is used by the sparse
index in this thesis. BM25 is run at chunk granularity, so N and n; are chunk-level statistics
rather than document-level statistics.
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Figure 3.3. Hybrid retrieval cascade with rank fusion and reranking.

3.2.4 Hybrid Retrieval with Rank Fusion

Each retrieval call runs the dense index and the sparse index in parallel. Both return their own top-
ket ranked list. The two lists are merged through Reciprocal Rank Fusion [13], which combines
ranks rather than scores and therefore avoids the distribution-mismatch problem between inner
products and BM25 scores:

1

RRF(c) = —_—
(c) k+rank,(c)’

r€{Rdense %sparse }

(3.3)

where rank, (c) = e when chunk ¢ does not appear in ranked list r (so the missing list contributes
zero), and k is a small smoothing constant [13]. The top-k; chunks by RRF score form the
candidate pool @fyseq that is handed to the reranker. The pool size is capped at the retrieval depth
even when the two source lists overlap heavily, so that the latency of the next stage stays bounded.
Figure 3.3 summarises the cascade from the query to the top-k, contexts passed to the generator.

3.2.5 Cross-Encoder Reranking with Metadata Provenance

A cross-encoder [41] re-scores every candidate ¢; € Gyseq by feeding the query and the candidate
as a single input. Unlike a bi-encoder, a cross-encoder lets every token of the query attend to
every token of the candidate, which improves precision at the cost of an O(|%fyseq|) runtime.

The cross-encoder is web-trained and has not seen the specialist corpus. To compensate, the
framework adds a metadata provenance score that the reranker would otherwise be unable to
exploit:

Sﬁnal(%ci) = Srerank(% Ci) + A (P(Clami), (3.4)
where m; is the metadata attached to chunk ¢;, and ¢(g,m;) is an additive provenance score over
matchable metadata fields. For a statutory corpus, two fields matter:

* a section-number match (the query mentions a section number that also appears in the chunk’s
metadata) contributes a high weight, because section numbers are unambiguous identifiers;

* an act-name match (the query mentions an act whose name is recoverable from the chunk’s
metadata) contributes a lower weight.

The weight A is chosen on a development split so that the maximum provenance bonus
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Algorithm 1 Structural retrieval cascade.

Require: query ¢, dense index .7, sparse index %, parameters ke, k2, k, A, Ammr
1: e <+ EMBED(q); e < ¢/||e]|2

A R TOPK(fd,e,kret)

3: G <+ ToPK(.%;,BM25(q, "), ket)

4: Gtused < TOPBYRRF (6, 6y, k)[1 .. kret]
5: for all ¢ € Ghyseq do

6: Srerank (€) <~ CROSSENCODER (g, ¢)
7 Sfinal (€) < Srerank (¢) + A - @(g,m(c))
8: end for

9: Gtused < Sort by Sgna descending
10: S+ 0
11: while |S| < k; do

12 ¢f 4 argmax,cq s [AmmeSfina (¢) = (1 = Amme) maxeegsim(c, ¢’)]
13: S+ Su{c*}
14: end while
15: return S

is small relative to the spread of the cross-encoder’s own scores. The bonus then breaks ties
between candidates that the cross-encoder considers nearly equivalent; it is not a dominant
signal.

3.2.6 Diversity-Aware Selection

Candidates ranked by sqpa are passed to a Maximal Marginal Relevance (MMR) selector [14].
Without a diversity step, the top-k, candidates can all come from the same section of the corpus,
even when the query references several. MMR maximises a convex combination of relevance to
the query and dissimilarity to already-selected chunks:

¢* = argmax [anrsﬁnal(q,ci) — (1 — Ajpymr) max sim(ci,cj)], (3.5)

Ci€Ctused \S € €S

where S is the running set of selected chunks, sim is cosine similarity in the dense embedding
space, and Aymmr € [0, 1] trades off relevance against diversity. The final top-k; chunks selected
by this rule become the context that is passed to the generator.

The full structural cascade is summarised in Algorithm 1. It takes a query and returns a
diverse, reranked set of k, chunks together with their metadata; the generation step that consumes
the chunks is treated separately in Section 3.2.7.

3.2.7 Schema-Constrained Generation

The generator is an off-the-shelf instruction-tuned language model. The prompt contains three
parts: a fixed instruction that forbids citations to sources outside the retrieved context, the
retrieved chunks with their provenance metadata, and the output schema. The schema is a
JavaScript Object Notation (JSON) object whose shape is fixed by the application. In abstract
form it declares two role groups and a free-text note: a fixed set of entity fields that identify the
parties named in the query, an array of citation records that ground the answer, each with a source
identifier, a reference within that source, a free text description, and a set of application-specific
attribute fields that follow the citation grain of the corpus:

{ "<entity_role_1>": "string",
"<entity_role_2>": "string",
"citations": [
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Figure 3.4. Stateful agentic control loop
{ "source": "string",
"reference": "string",
"description": "string",
"<attr_1>": "string",
"<attr_2>": "string"
}, ..
1,
"note": "string" }

For any concrete instantiation, the entity-role keys and the per-citation attribute keys are fixed
by the application schema; the citations array name itself may be renamed without loss of
generality. The instantiation used in the empirical evaluation appears in Chapter 4.

The response is parsed by a four-pass parser that tries, in order: direct JSON parsing of the
entire response, extraction of the JSON block delimited by code fences, brace-matching from the
first to the last balanced brace, and removal of duplicate keys inside any object. If all four passes
fail, the system retries with an exponentially increasing backoff. The combination of schema
constraints and the parser eliminates a class of failures in which the model returns fluent prose
that is not parseable into the required fields.

3.3 Stateful Agentic Layer

The structural layer issues a single retrieval call. The stateful layer wraps a controller around
the structural layer so that retrieval becomes one action inside a longer reasoning loop. The
controller draws on the agentic methods reviewed in Section 2.3: action and observation loops [7],
self-reflection over intermediate output [11, 12], retrieval-side self-reflection [6], and confidence-
triggered re-retrieval [5]. This section specifies the composition of these methods, the interface
between the controller and the structural layer, and the stopping rule. The five operations and the
working memory bar are summarised in Figure 3.4.

3.3.1 State Representation

The working memory .#; at iteration ¢ is a tuple (2, &;,%, h;) that contains the elements listed
below. Figure 3.5 illustrates schematically how the evidence pool component &; accumulates
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Figure 3.5. Schematic evidence-pool growth across iterations of the stateful loop.

as iterations proceed and how the stopping rule cuts the loop off once the confidence estimate
crosses the threshold 7; the curve is intended to depict the controller’s design behaviour and is
not derived from empirical runs.

* 2, the original query plus the sequence of refined queries issued so far;

* &, the evidence pool, a set of chunks (with provenance metadata) accumulated across calls to
the structural layer;

» &, the set of unresolved sub-questions at iteration ¢. A sub-question is unresolved if it has either
no supporting proposition in the current evidence pool (the open case) or two propositions that
contradict each other (the contradicted case);

¢ J;, a confidence estimate for the current best draft answer.

The working memory is updated by each operation in the loop. Nothing in the loop is
discarded between iterations, so an answer that depends on evidence retrieved in iteration 1 but
only becomes relevant in iteration 3 is still available to the generator.

3.3.2 Action Set

The controller has five operations, composed for this framework from the agentic literature
reviewed in Section 2.3:

1. Plan. Read the working memory, list the sub-questions implied by the original query, and
pick the next sub-question to address.

2. Retrieve. Call the structural pipeline with the chosen sub-question. The pipeline returns a
top-k; list of chunks with metadata. The chunks are added to the evidence pool &; 1.

3. Read. For each newly retrieved chunk, extract the propositions relevant to the sub-question
and bind them to the chunk’s provenance metadata.

4. Reflect. Compare the current evidence pool against the original sub-question list. Mark a sub-
question as covered if at least one proposition supports it, contradicted if two propositions
disagree, and open otherwise. Set ¢, to the union of the open and contradicted sub-
questions; covered sub-questions drop out of the unresolved set.

5. Decide. Compute a confidence estimate 4, from the current evidence pool (defined formally
below in Section 3.3.3). The controller continues to the next iteration when 4, < 7, the
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iteration budget has not been reached, and at least one sub-question remains in %, . It
terminates and hands control to the final generation step when any of three stopping conditions
hold: (a) #;+1 > 7 (sufficient confidence); (b) ¢, 11 = 0 (every sub-question is covered and
none is contradicted); or (c) the iteration counter reaches the budget, r + 1 > T ax. In case
(c) the residual unresolved sub-questions are passed forward to the generator and reported
alongside the structured answer so that any remaining uncertainty is explicit.

The Plan step corresponds to the planning step in ReAct-style agents [7]. The Read and
Reflect steps implement the propose-and-criticise pattern of self-refinement [11, 12]. The Decide
step combines the confidence-triggered re-retrieval idea of FLARE [5] with the self-gating
idea of Self-RAG [6]. The contribution of this section is therefore not any single step but the
composition of all five over a working memory that the structural layer’s metadata-rich chunks
make tractable.

3.3.3 Confidence Estimation and the Stopping Rule

The confidence estimate /4, is a non-negative weighted combination of two signals computed
from the working memory .#; alone, without invoking the generator inside the loop:

* Coverage, the fraction of sub-questions in the original ¢ that have at least one supporting
proposition in the current pool;

» Agreement, the fraction of those covered sub-questions whose supporting propositions do not
contradict each other.

The two are combined linearly with non-negative weights weoy and wag, that satisfy weoy + wagr =
1, so that i, € [0,1]. The weights are tuned on a held-out development split to maximise
agreement between the controller’s stopping decision and a reference set of sufficiency labels;
the calibration procedure is specified at the same level of abstraction as the rest of the agentic
layer and the empirical fit is left to subsequent work (Section 6.3).

The loop terminates when the updated estimate h,y; reaches the threshold 7, when no
unresolved sub-questions remain, or when the iteration count reaches the budget Tp,ox. The
budget bounds latency in the worst case; the threshold lets low-complexity queries return in
one iteration. Monotonicity of /; is not assumed: if reflection in iteration 7 + 1 uncovers a
contradiction, /; 11 may fall below /;. Termination is therefore guaranteed by Ti,x and not by
the confidence sequence.

3.3.4 Algorithmic Form

Algorithm 2 states the loop in algorithmic form for reference. The structural-layer call inside the
loop is the five-stage pipeline of Section 3.2; the loop is otherwise self-contained.

3.4 Composition of the Structural and Stateful Layers

The structural layer determines which passages the generator receives for a single query. The
stateful layer determines the next query, given the evidence collected so far. The two layers
communicate only through the evidence pool and the query stream, and this separation makes
either layer replaceable without touching the other. A different retriever (with a different encoder,
fusion rule, or reranker) can be substituted in the structural layer with no change to the agentic
controller; a different controller (without reflection, or with parallel queries) can be substituted
in the stateful layer with no change to the structural layer.

Chapter 4 instantiates the abstract symbols introduced above. It fixes the corpus, the off-the-
shelf neural components, the hyperparameters of the structural layer, the concrete output schema,
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Algorithm 2 Stateful agentic control loop (algorithmic form).

Require: query g, structural retriever RETRIEVE, generator GEN, threshold 7, iteration budget
Tinax

1: Qo(—{qo};éa()km; g()%PLAN((]());h()%O;t%O

2: while i, < Tand ¥, # 0 and ¢t < Tp.x do

3 q* < CHOOSEGAP(%;)

4: C < RETRIEVE(q") > calls the structural layer

5: gﬂ»l < g[ ucC

6 P < READ(C,q") D> propositions with provenance

7 9,1 < REFLECT(¥,,P)

8 Qt-l—l — QZU{C]*}

9: hy+1 < CONFIDENCE(%;41,&141)

10: t+—t+1

11: end while

12: y < GEN(qo,%;,%) > single generation at termination

13: returny

the expert-annotated benchmark, and the metrics used in the empirical evaluation.
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CHAPTER 4

EXPERIMENTAL SETUP

The empirical evaluation in the thesis is designed to test the structural layer of the framework on a
corpus that exhibits the four properties of a knowledge-intensive corpus laid out in Section 1.1.1:
large size, hierarchical structure, periodic revision, and strict citation grounding. Indian statutory
text satisfies all four properties and is the concrete instantiation used here. All neural components
are off-the-shelf, so the reported numbers reflect the framework’s behaviour in the absence of
any domain-specific fine-tuning of the encoder, reranker, or generator.

4.1 Evaluation Strategy

The framework has two layers. The structural layer is fully implemented and is the subject of
the empirical evaluation in this chapter and in Chapter 5. The stateful agentic layer is a design,
presented in Section 3.3, and its end-to-end evaluation against the same benchmark is left to
subsequent work (Section 6.3). Every number reported in this thesis is therefore a number
produced by the structural layer operating in a single retrieval call per query.

Two practical constraints shape the evaluation. First, no public benchmark exists that scores
retrieval-augmented systems on the specific task of citing the right provision in a structured
authority corpus. The thesis therefore constructs one, with ground truth produced independently
by a domain expert. Second, the structural layer has several parameters (chunk size, overlap,
retrieval depth, fusion constant, provenance weight, MMR balance, diversity cut-off) whose
interaction matters. Parameters are chosen on a held-out development split, and the test set is
held out until the evaluation reported in Chapter 5.

4.2 Corpus

The corpus used in the evaluation has to exhibit the four properties of a knowledge-intensive
corpus (Section 1.1.1): large enough to defeat any language-model context window, hierarchically
structured, periodically revised, and citation-grounded. Indian central legislation satisfies all four
properties and is used as one concrete instantiation of the framework.

4.2.1 Collection

The corpus consists of forty central-level Indian legal documents sourced from official govern-
ment repositories maintained by legislative and regulatory bodies. The collection spans criminal
law, civil law, constitutional provisions, taxation, intellectual property, labour, environmental law,
and several specialised regulatory acts. The collection includes both the statutes that came into
force in mid-2024 (the Bharatiya Nyaya Sanhita, 2023; the Bharatiya Nagarik Suraksha Sanhita,
2023; the Bharatiya Sakshya Adhiniyam, 2023) and the older statutes that remain operative.
Per-category document counts are not separated in the source and are therefore not reported here.
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Table 4.1. Corpus statistics after structure-aware chunking.

Quantity Value
Documents indexed 40
Total PDF pages ~ 3,500
Pages that failed extraction 23 (0.66%)
Chunks produced 20,836
Mean chunk length (tokens) 647
Standard deviation of chunk length 118
Embedding dimension 768
FAISS index size on disk 235 MB
Chunks tagged with act name 20,565 (98.7%)
Chunks tagged with section number | 12,937 (62.1%)

4.2.2 Preprocessing and Chunk Statistics

Text extraction uses a parsing pipeline based on a Portable Document Format (PDF) library, with
four worker processes. PDF parsing of the full collection of approximately 3,500 pages completes
in roughly twelve minutes wall-clock on commodity hardware (an eight-core consumer-grade
CPU, no GPU). Index construction on top of the extracted text takes a comparable amount
of time, reported separately in Section 4.3.3. Twenty-three pages out of approximately 3,500
(0.66%) fail to extract because the source PDF contains the page as a scanned image with no
embedded text. These pages are excluded from the index; the small fraction of pages affected
does not materially change the coverage of the corpus.

Structure-aware chunking, configured as in Section 3.2.1, produces 20,836 chunks. Table 4.1
summarises the resulting collection statistics.

The mean chunk length is 7.6% below the 700-token target. The shortfall comes from two
sources. Most chunks end at a section boundary that arrives before the budget is reached,
which is the intended behaviour of the priority-ordered splitter. A smaller group of chunks
ends at a fallback boundary because the section itself is longer than the budget and is split at a
lower-priority separator. Section 5.5 discusses the second group.

The act-name extraction rate of 98.7% indicates that the filename and the in-text references
are sufficient for almost every chunk. The section-number extraction rate of 62.1% is lower
because preambles, definitions sections, and schedules do not follow the Section N naming
convention. The 37.9% of chunks without a section number are still retrievable through the
dense and sparse paths but cannot benefit from the section-number provenance bonus described
in Section 3.2.5.

4.3 Implementation

The framework of Chapter 3 reduces to a set of software components. This section names the
off-the-shelf neural components used, fixes the values of the hyperparameters introduced in the
abstract framework, and notes the hardware and software stack on which the experiments were
run. None of the neural components is fine-tuned on the corpus; the structural layer is therefore
the sole source of any domain-specific behaviour.

21



Table 4.2. Hyperparameter settings used in the evaluation.

Symbol Role Value
Chunk size target tokens per chunk 700
Chunk overlap tokens of overlap (12.1%) 85
Embedding dim. dense vector dimensionality 768
kret top-k from each retriever 20
Fusion k (RRF) smoothing constant in Eq. 3.3 60
A provenance weight in Eq. 3.4 0.15
Ammr balance in Eq. 3.5 0.5
ko final contexts for generation 5
Provenance: section match | weight added by section-number agreement 1.0
Provenance: act match weight added by act-name agreement 0.5
Generator temperature sampling temperature 0.0
Generator max tokens output budget 8,192
Context truncation characters per retrieved context 2,000

4.3.1 Models

The structural layer uses three off-the-shelf neural components. None of them is fine-tuned on
the corpus.

* Sentence encoder. A general-purpose Sentence-BERT encoder [35], released as the public
checkpoint sentence-transformers/all-mpnet-base-v2, produces 768-dimensional em-
beddings. No public encoder fine-tuned on Indian statutory text was available at the time the
experiments were conducted.

* Cross-encoder reranker. A cross-encoder trained on the Microsoft Machine Reading Com-
prehension (MS MARCO) passage-ranking dataset [41] re-scores the fused candidates. The
implementation uses the public cross-encoder/ms-marco-MiniLM-L6-v2 checkpoint. Its
size keeps the reranking latency well below the dense retrieval latency at the candidate counts
used here.

* Generator. An instruction-tuned decoder language model accessed through an OpenAl-
compatible application programming interface (API) endpoint. Generation runs at temperature
0 for reproducibility, with an output token limit of 8,192.

4.3.2 Hyperparameters

Table 4.2 lists the hyperparameters used in the empirical evaluation. The values for A (provenance
weight), ke (retrieval depth), and the chunk size were selected on a development split that is
disjoint from the test complaints described in Section 4.4.

The provenance weight A = 0.15 keeps the maximum provenance bonus at A - 1.5 = 0.225,
which is small relative to the typical spread of cross-encoder logits over the candidate pool. The
bonus therefore acts as a tiebreaker in the sense of Section 3.2.5 rather than as a dominant signal.

4.3.3 Hardware and Software

The dense index is built with FAISS [42] in the exact IndexF1latIP configuration. The sparse
index is built with a standard implementation of Okapi BM25 [10]. The pipeline runs on a
commodity workstation with an eight-core CPU; no GPU is required at query time because
the cross-encoder is small. Index construction on top of the extracted text takes approximately
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twelve minutes wall-clock on this hardware, separate from the PDF-parsing time reported in
Section 4.2.2.

4.3.4 Output Schema for the Statutory Instantiation

The abstract output schema described in Section 3.2.7 is instantiated for the statutory corpus by
fixing the entity-role keys to victim and culprit, renaming the citations array to charges,
and populating the per-citation attribute keys with the procedural attributes a statutory citation
carries. The concrete schema used in this evaluation is

{ "victim": "string",
"culprit": "string",
"charges": [

{ "law": "string",
"description": "string",

"bailable": "Yes/No",
"cognizable": "Yes/No" }
1,

"note": "string" }

The two entity-role keys (victim, culprit) identify the parties named in the complaint. Each
charge object plays the role of a citation record: law and the description string supply the
source identifier and the free-text summary mandated by the abstract schema; the bailable and
cognizable keys are the application-specific procedural attributes contributed by the statutory
domain. The root-level note field carries any residual free-text commentary that does not fit into
a per-charge record.

4.4 Expert-Annotated Benchmark

The benchmark consists of two hundred legal complaints in natural language. The complaints
were collected from legal aid centres and public forums, and span the statutory domains repre-
sented in the corpus, including criminal, civil, and environmental categories. Each complaint is a
factual account of a dispute. Some include explicit statutory references; others are expressed in
informal language with no legal terminology.

Each complaint was reviewed by a single practising lawyer with at least two years of ex-
perience in Indian law. For each complaint the lawyer produced a reference analysis that lists
the applicable provisions and identifies the primary applicable section: the one provision most
directly invoked by the facts. The reference analysis is the ground truth against which model
outputs are scored. The annotation protocol fixed the schema of the reference analysis so that
comparison with the model’s structured output is unambiguous.

4.5 Evaluation Metrics

Two criteria are scored against the lawyer’s reference analysis.

Primary citation identification. A prediction is correct if the model’s top-ranked section, as
ranked in the charges array of the structured output, exactly matches the section that the lawyer
marked as primary. Accuracy is the fraction of complaints with a correct prediction.

Complete citation listing. A prediction is correct if the set of sections returned by the model
is exactly the set of sections in the lawyer’s reference analysis. The set is unordered, but it must
be exact: a missing section, an extra section, or a section attributed to the wrong act counts as an
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error. Accuracy is the fraction of complaints with a correct set.

For both criteria the thesis reports the point estimate and a 95% Wilson score confidence
interval [50]. The Wilson interval is appropriate here because the observed proportions are close
to the boundaries of the unit interval, where the standard normal approximation to the binomial
is inaccurate at moderate sample sizes. The Wilson interval is asymmetric around the point
estimate, which reflects the asymmetry of the binomial distribution near those boundaries.

Latency is not reported as a primary metric because the system runs in a single retrieval call
per query and the dominant cost is the cross-encoder, whose runtime is fixed once the candidate
pool is fixed. A non-instrumented timing check on a sample of queries placed end-to-end latency
on the order of one to several seconds per query on the hardware described above; this is reported
as a qualitative observation rather than a benchmarked measurement.
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CHAPTER 5

RESULTS AND DISCUSSION

The empirical evaluation bears on two questions that the framework of Chapter 3 raises about
contextual reasoning over a knowledge-intensive corpus. First, how much of the default pipeline’s
failure on a structured corpus can be removed by respecting document hierarchy at every stage of
a single retrieval call. Second, what residual error remains after the structural layer has done its
work, and whether that residual error has the shape that the stateful layer is designed to address.
The empirical evidence answers the first question in the positive and characterises the second.

5.1 Component-Level Observations

The claim that the structural pipeline preserves citation grain within a single retrieval call is
testable one stage at a time. Chunking, hybrid retrieval, and generation are examined separately
so that the residual error of the full system can be attributed to its source.

5.1.1 Chunking

Structure-aware chunking produced 20,836 chunks across the forty indexed documents, with a
mean chunk length of 647 tokens and a standard deviation of 118 tokens. The mean falls 7.6%
below the target of 700 tokens. Inspection of a sample of chunks confirmed that the splitter
ended most chunks at a section or article boundary rather than mid-sentence. The exceptions
are chunks belonging to procedural codes whose individual sections exceed the budget; these
chunks fall through to the paragraph separator and the sentence separator in the priority list. The
chunks affected by this fallback contribute a small share of the residual errors observed at the
end-to-end level.

The metadata layer tagged 20,565 of the 20,836 chunks (98.7%) with an act name. The
1.3% that escaped tagging are chunks from front matter (cover pages, contents pages, schedules
without explicit headings). Section-number tagging reached 12,937 chunks (62.1%). The
remaining 37.9% are chunks from preambles, definitions sections, schedules, and unnumbered
sections, which do not match the section-number pattern. This gap is, among the component-level
limitations exposed by the evaluation, the one that accounts for the largest share of end-to-end
errors; Section 5.3 traces a subset of those errors back to it.

5.1.2 Hybrid Retrieval

The two retrievers behave differently on the same queries, in a way that motivates the rank-fusion
design.

* The dense retriever returns chunks that match the query by meaning. It recovers sections that
use different wording from the complaint but address the same factual scenario. Its weakness,
in line with the observations on specialist corpora reported in [8, 9], is on queries that contain
a specific section number or act name, where surface form carries more signal than semantics.

* The sparse retriever returns chunks that share high-IDF terms with the query. It recovers
sections when the complaint cites them by number or by act name, and it recovers chunks that

25



Table 5.1. End-to-end accuracy with 95% Wilson confidence intervals.

Metric Correct | Accuracy 95% CI
Primary citation identification | 188 /200 94.0% [89.8%, 96.5%]
Complete citation listing 164/200 | 82.0% [76.1%, 86.7%]

Primary citation

Complete citation

20 40 60 80 100
Accuracy (%)

Figure 5.1. End-to-end accuracy on the expert-annotated benchmark.

contain rare legal phrases verbatim. Its weakness is on informal complaints with no statutory
terminology, where the terms it ranks highly are content words that occur throughout the
corpus.

The two failure cases are largely disjoint. Reciprocal Rank Fusion therefore aligns with this
complementarity: it assigns a high fused score whenever a chunk ranks highly on either path
and demotes only chunks that rank poorly on both. After fusion, the cross-encoder reranks the
fused pool, and the metadata provenance bonus breaks ties in favour of candidates whose section
number or act name appears in the query.

5.1.3 Generation

The generator’s outputs conform to the required JSON schema on every evaluated query. The
four-pass parser handles every output without invoking the backoff retry, which indicates that the
schema constraint is enforced by the prompt at the level of the language model itself and that the
parser is acting as a defence in depth rather than as the primary mechanism. A manual review
of fifty randomly chosen outputs against the retrieved context found no citation to a provision
absent from that context. This review is exploratory and is not a substitute for a full faithfulness
evaluation against a held-out reference.

A second observation comes out of the periodic-revision property that the corpus was chosen
to exhibit. The index contains both the provisions that came into force in mid-2024 and the older
ones that they replaced. When the retrieved context contains a current provision, the generator
cites the current provision. When the query refers to the older one by name, the retriever returns
whichever version the index holds and the generator cites that. Neither behaviour requires any
logic in the generator beyond the provenance metadata that the structural layer attaches to each
chunk; this is the corpus revision case that the structural metadata is designed to handle.

5.2 End-to-End Accuracy of the Structural Pipeline

The structural layer, run as a single retrieval call per query, is evaluated on the full set of
two hundred complaints. Table 5.1 reports the two scores and their 95% Wilson confidence
intervals [50]; Figure 5.1 plots the same two scores.

The primary-citation score of 94.0% means that the citation the model puts first in its structured
output matches the citation that the expert marked as primary in 188 of 200 cases. The complete-
citation score of 82.0% means that the unordered set of citations in the model output exactly
matches the unordered set of citations in the expert’s analysis in 164 of 200 cases. The two
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scores are connected on this benchmark: every test query that fails primary identification was
also observed to fail complete listing, but the converse is not true.

5.3 Error Analysis

Twelve test queries fail primary identification. Thirty-six fail complete listing, and the twelve
primary failures are a subset of the thirty-six listing failures. Manual inspection of the failing
queries identifies three recurring failure modes.

1. Cross-domain complaints. A complaint that invokes provisions in more than one statutory
domain (for example, an environmental incident with a criminal-intent component) is more
difficult to retrieve in a single pass. The relevant provisions are scattered across acts that share
little surface vocabulary, so the dense retriever has to bridge two encoder neighbourhoods at
once. The sparse retriever helps when the complaint cites a section number, but not when the
complaint is informal.

2. Informal language. A complaint expressed in everyday vocabulary, with no statutory
terminology, reduces recall in both retrieval channels. The sparse retriever has no high-IDF
terms to anchor on; the dense retriever has to bridge the vocabulary gap between informal
description and formal statutory wording on its own.

3. Missing section metadata. A relevant chunk that lies in a preamble, a definitions section,
or a schedule has no section-number metadata (see Section 5.1.1). The provenance bonus
contributes zero to such a chunk’s final score, and the candidate has to compete on the cross-
encoder score alone. When the cross-encoder ranks it just below an alternative chunk, the
answer omits it. This pattern appears in a substantial fraction of the observed listing errors.

The three failure modes are not mutually exclusive. A single failing query can exhibit all three
at once, and the thesis does not break down the error counts by mode because such a breakdown
would require an arbitration rule that the manual inspection does not provide.

5.4 Discussion

The twelve-point gap between primary accuracy (94.0%) and complete-citation accuracy (82.0%)
is the empirical signature of single-pass retrieval on multi-source queries. Identifying a single
primary citation can be supported by one strong top-ranked chunk; reproducing the full set of
applicable citations requires the retriever to return every relevant chunk, the reranker to keep
every relevant chunk above the top-k; cut-off, and the generator to emit every relevant chunk. A
failure at any one stage produces a listing error without necessarily producing a primary error.
The gap is therefore evidence for the core claim of this thesis: a one-shot retrieval call is too
narrow a context window for a question that needs to compose evidence from several parts of the
corpus.

The error analysis supports three implications for how a retrieval-augmented system should
manage context and memory on a hierarchically structured corpus.

* Context preservation comes from chunking, not from the retriever. Once a chunk crosses
a citation boundary, no retriever can recover the boundary. The structural layer’s section-aware
chunker is therefore the precondition for every later stage. The 98.7% act-tagging and 62.1%
section-tagging figures are not metrics of the retrieval pipeline; they are metrics of how much
of the corpus the chunker can hand to the pipeline as well-formed citation units.

* The reranker’s domain mismatch is a memory problem. A web-trained cross-encoder does
not encode the in-domain meaning of an act name or a section number. The additive provenance
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Table 5.2. Mapping of pipeline components to failure modes.

Component Targets Failure mode Status
mitigated
Section-aware document hierarchy | structural blindness evaluated
chunking
Metadata extraction | citation provenance | lost attribution after evaluated
chunking
Dense + sparse encoder-corpus single-channel recall evaluated
hybrid mismatch gap
Reciprocal Rank heterogeneous unsafe score-level evaluated
Fusion score scales blending
Provenance bonus reranker domain low score on evaluated
bias metadata-rich chunks
MMR diversity top-k redundancy all results from same evaluated
selection section
Schema-constrained | unsupported claims | hallucinated citations evaluated
output
Stateful agentic loop | single-pass cross-domain and design only
retrieval informal queries

bonus is a way of giving the reranker an external memory of the corpus’s structure that its
pre-training did not provide. The bonus offsets part of the cross-encoder’s domain-transfer
error but cannot promote chunks that have no extracted metadata at all.

* The residual error matches the failure mode that a stateful layer is designed to address.
The two failure modes that survive the structural pipeline (cross-domain queries and informal
queries) share a single shape: the first retrieval call does not have enough information to
find every relevant chunk. Closing that gap calls either for a domain-adapted encoder, which
trains the implicit memory into the network’s weights, or for an explicit working memory that
survives across multiple retrieval calls. The stateful agentic layer pursues the latter route.

Table 5.2 maps each component of the structural pipeline to the failure mode of the default
pipeline that the component is intended to mitigate. The mapping is qualitative, not numerical,
but it makes the design intent explicit and links it back to the limitations listed in Section 1.2.

A qualitative comparison with the prior retrieval-augmented system of [49] is informative
but not quantitative. That system also pairs a dense retriever with a generator and produces a
structured output, but the evaluation set, the metric definition, and the annotation authority differ,
so a direct score comparison would be misleading. The methodological overlap is substantive:
both systems treat the retriever as the dominant controller of the generator’s behaviour. The
framework in this thesis differs from [49] in its explicit handling of document structure during
chunking, its rank-level fusion of two retrieval signals, its metadata-aware reranker, and its
design for a stateful layer on top.

5.5 Limitations of the Evaluation

The evaluation has six limitations that bound the scope of the results reported above. The first
four concern the corpus, the chunker, and the off-the-shelf retrievers; the last two concern the
protocol that produces the headline accuracy figures.
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Corpus coverage. The corpus contains forty central-level statutes. India’s legislative corpus
is larger by orders of magnitude. State laws, subordinate rules, amendments enacted after the
snapshot date, and judicial decisions are not indexed. A complaint that hinges on a state law or
on a recent amendment cannot be answered correctly even in principle.

Chunking boundary conditions. Sections longer than the 700-token target fall through to a
paragraph or sentence separator. The resulting chunks are paragraph-level rather than section-
level, which means the metadata at chunk level is less informative than for sections that fit inside
the budget. A parent-child chunking scheme, in which the full section is stored as a parent and
the paragraph-level pieces as searchable children, would resolve the issue without changing the
rest of the pipeline. It is not implemented in the current system.

Metadata coverage gap. The 37.9% of chunks that lack a section number are ineligible for the
provenance bonus regardless of how relevant they are to the query, and reranking cannot recover
the gap on its own. A language-model-based fallback for unstructured headings, which would
emit a section identifier for chunks that the regular-expression patterns miss, would substantially
reduce this shortfall. It is also not in the current implementation.

Retrieval domain transfer. The dense encoder and the cross-encoder were trained on general-
purpose paraphrase and web-search corpora. Query-document interaction patterns in the statutory
domain differ from web search, and zero-shot transfer to out-of-domain collections is known
to reduce nDCG @10 on most BEIR tasks relative to in-distribution numbers [8]. Domain-
adaptive pre-training mitigates part of this drop in the European legal setting [9]; it is the closest
documented remedy for the present pipeline in the literature cited here.

Single-annotator ground truth. Each of the two hundred complaints was annotated by one
practising lawyer (Section 4.4). No second annotator scored the same complaints in parallel, so
neither inter-annotator agreement nor an adjudication protocol for borderline cases is reported.
The accuracy estimates and the Wilson intervals are therefore conditional on a single reference
analysis. A two-annotator protocol with a disagreement-resolution step would tighten the bound
on the headline accuracy figures and reduce the residual risk of label noise; it would also
strengthen the empirical claim against label-noise objections in a straightforward way.

Absence of comparative baselines and component ablations. The evaluation reports the
structural pipeline as a single configuration. It does not compare against the default RAG pipeline
of Section 1.2, does not compare against a sparse-only or dense-only retriever, and does not
ablate the provenance bonus, the MMR step, the cross-encoder, or the structure-aware chunker
individually. The qualitative mapping in Table 5.2 is therefore design intent rather than measured
contribution, and the discussion in Section 5.4 should be read as interpretive rather than as a
causal attribution of the headline accuracy to any single component. Filling the gap with a
factorial ablation on the same two-hundred-complaint benchmark is identified as follow-on work
in Section 6.3.

The six limitations are independent. Closing any one of them would either improve the
structural layer’s score or tighten the empirical claim. None of them argues against the framework
itself; each argues for a specific extension of it. Among the six, the protocol-side pair (single-
annotator ground truth and the absence of comparative baselines and component ablations) most
strongly bounds how the headline numbers can be interpreted, and they are addressed first in the
future-work agenda of Section 6.3.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

The framework developed in this thesis treats contextual reasoning in a knowledge-intensive
retrieval-augmented system as a pipeline design problem at least as much as a modelling problem.
On the expert-annotated benchmark, the instantiated structural pipeline attains 94.0% primary-
citation accuracy and 82.0% complete-citation accuracy without any domain-specific fine-tuning,
by respecting document structure when chunking, carrying citation metadata through to the
reranker, fusing dense and sparse retrieval at the rank level rather than the score level, and
constraining the generator to a fixed output schema. The stateful agentic layer extends the same
view to the time axis: when one retrieval call is not sufficient, a controller that maintains a
working memory across calls and refines the query extends the same principle. This chapter
draws the two layers together and sets out the next steps of the work.

6.1 Summary

The thesis sets out a framework for knowledge-intensive retrieval-augmented question answering.
The framework has two layers. The structural layer addresses document hierarchy at every stage
of the retrieve-rerank-generate pipeline: section-aware chunking, regular-expression metadata,
dense and sparse retrievers running in parallel, Reciprocal Rank Fusion to merge their ranked
lists, a cross-encoder reranker augmented with a metadata provenance bonus, Maximal Marginal
Relevance for diversity, and a JSON schema enforced through a four-pass parser. The stateful
agentic layer wraps a controller around the structural pipeline so that retrieval becomes one
action inside a longer reasoning loop, with a persistent working memory, a reflect-and-refine
step, and a confidence-gated stopping rule.

The empirical evidence comes from a single instantiation of the framework on a corpus chosen
because it satisfies the four properties of a knowledge-intensive corpus identified in Chapter 1
(Section 1.1.1). The structural layer identifies the primary applicable citation in 94.0% of test
queries (95% Wilson interval [89.8%, 96.5%]) and reproduces the full citation set in 82.0%
of test queries (95% Wilson interval [76.1%, 86.7%]). The gap between the two numbers is
the within-call versus across-call distinction the thesis began with, expressed as data: a single
retrieval call is sufficient to identify a single primary citation, but not to recover the full set.
Every neural component is off-the-shelf, so the reported numbers do not include any benefit
that domain-specific fine-tuning of the encoder or reranker might add; the experiment does
not, however, run a factorial ablation that would attribute the observed accuracy to individual
architectural choices, and Section 6.3 identifies that ablation as the next empirical step.

6.2 Interpretation of the Reported Metrics

The 94.0% primary-citation accuracy indicates that, on the single-provision identification task,
the combination of document-hierarchy chunking, hybrid retrieval, and metadata-augmented
reranking reliably recovers the expert-designated primary citation on this benchmark; the abso-
lute number alone does not establish superiority over unstated alternative pipelines without a
controlled comparison. The 82.0% complete-citation accuracy shows that the same pipeline is
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less adequate when the task is to recover the full set of applicable provisions, especially when
the complaint crosses statutory domains or is expressed in informal vocabulary.

The twelve-point gap between the two scores measures the cost of single-pass retrieval on
multi-statute complaints. The error analysis traces this cost back to three sources: cross-domain
queries that stress dense retrieval across weakly related encoder neighbourhoods, informal
queries that defeat the sparse retriever, and chunks without section-number metadata that the
reranker cannot promote on content alone. None of the three is a property of the framework.
Each is a property of the particular retrievers and the particular metadata coverage available at
the time of the evaluation. The framework remains the same when each of them is addressed.

The empirical evaluation reported here applies to the structural layer only. The stateful
agentic layer is a fully specified design (Section 3.3). Its empirical evaluation against the same
benchmark is the principal next step. The thesis does not claim that the stateful layer improves
on the structural layer’s score; it claims that the framework admits both layers, that the interface
between them is narrowly defined, and that the stateful layer is implementable on top of the
structural layer without redesign.

6.3 Future Work

The directions below are listed in the order of expected impact on the metrics reported in
Chapter 5.

Empirical evaluation of the stateful agentic controller. The highest-priority next step is
to implement the controller of Section 3.3 on top of the existing structural pipeline and to
evaluate the loop on the same two-hundred-complaint benchmark, with attention to the cross-
domain and informal-language failure modes. The state representation, the reflect step, and
the confidence-gated stopping rule are specified at a level that supports implementation, but
the choice of language model for the controller, the cost of the reflection step at each iteration,
and the iteration budget that balances quality against latency are open empirical questions. The
confidence weights (wcov, wagr) introduced in Section 3.3.3 must also be fitted on a development
split before the controller can be evaluated at scale.

Comparative baselines and component ablations. The limitations of Section 5.5 identified
the absence of comparative baselines and of component ablations as the largest gap in the
empirical evaluation. A factorial study on the same two-hundred-complaint benchmark, with
each component of the structural pipeline (priority-ordered chunking, sparse retrieval, dense
retrieval, rank fusion, provenance bonus, diversity selection) turned on and off independently,
would convert the qualitative mapping in Table 5.2 into measured contribution and allow the
framework to be compared against the default pipeline of Section 1.2 on a like-for-like basis.

Annotator reliability and the size of the benchmark. A second annotator on the same two-
hundred complaints, with a documented adjudication protocol for disagreements, would convert
the single-annotator estimate of Chapter 5 into a two-annotator estimate whose Wilson interval
can be reported alongside an inter-annotator agreement statistic. The benchmark itself can also be
enlarged by sourcing additional complaints that fall into the cross-domain and informal-language
failure modes, so that the failure-mode counts of Section 5.3 stop being small-sample.

Domain-adaptive encoders. A sentence encoder fine-tuned on the target corpus is expected
to substantially reduce the encoder-corpus mismatch identified in Section 2.4. Domain pre-
training has been quantified for at least one specialist setting [9], and the same recipe (pre-train
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on in-domain text, then fine-tune on a retrieval objective) applies to any corpus on which the
framework is deployed. The structural layer is encoder-agnostic, so the substitution is mechanical
once a domain encoder is available. The same argument applies to the cross-encoder, where a
domain-adapted reranker would relax the constraint that the provenance bonus has to compensate
for a generic model.

Parent-child chunking and metadata fallbacks. The two limitations of Sections 5.1.1 and
5.5 (sections longer than the budget; the 37.9% of chunks without section-number metadata) can
be addressed by parent-child chunking and by a language-model-based metadata extractor for
headings that the regular-expression patterns miss. Neither requires a change to the rest of the
pipeline.

Scaling to richly cross-referenced corpora. Many knowledge-intensive corpora extend the
textual content with a network of cross-references between documents. Case law refers to earlier
cases; clinical guidelines refer to other guidelines; technical standards refer to other clauses. A
graph-based retrieval layer on top of the existing index would expose these links to the retriever.
Approaches that combine textual and network signals have been studied in the legal domain
[47], and the broader survey of knowledge graphs in [51] reviews the relevant representation
techniques. Cross-reference edges can also be embedded with relational methods such as TransE
[52] to give the retriever a graph-aware signal alongside the textual one. As the corpus grows,
the dense index will eventually exceed the size at which exact inner-product search is the right
choice; the framework already supports the substitution of HNSW [43] in place of the flat index,
with no other change to the pipeline.

Multilingual extension. The corpus and the benchmark used in this evaluation are in English.
Many knowledge-intensive domains are inherently multilingual; in those settings, parallel
corpora are not always available, and retrieval requires either a multilingual sentence encoder or
document-side translation at index time. The structural layer can absorb a multilingual encoder,
but the provenance metadata and the output schema have to be re-keyed across languages. The
cross-lingual case is the most resource-intensive of the directions listed above and depends on
prior corpus-level work.
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