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Abstract

High-precision retrieval over external knowledge bases is es-
sential for LLM agents to operate effectively. However, exist-
ing Information Retrieval (IR) research primarily optimizes
query-side retrievers (e.g., CoIBERT, BGE) and generators
(e.g., Self-RAG, GraphRAG), while reducing corpus-side rep-
resentation to chunking. This leaves index-side quality an un-
derexplored lever. We propose Pre-Retrieval Index Modeling
& Enhancement (PRIME), an index-side optimization frame-
work built on two complementary tracks: an LLM-driven Se-
mantic Restructuring (SR) track that transforms long docu-
ments into structured, information-dense sections, and a deter-
ministic Metadata Synthesis (MS) and Hierarchical Retrieval
(HR) track that extracts semantic anchors and heading struc-
ture for coarse-to-fine section retrieval. Our evaluations show
that deterministic metadata matches structure-aware chunk-
ing’s retrieval quality while cutting embedding computation
by 45.8x and index vector count by 22.4x. On top of these
gains, Semantic Restructuring (SR) further improves Answer-
F1 by 13.7% in full deployment, with characterized qual-
ity—fidelity—cost trade-offs. Across QASPER, BRIGHT, and
NFCorpus, we further characterize three qualitative regimes
that determine whether index-side optimization helps or de-
grades retrieval, while showing that these index-side effects
are neutralized under a strong reranker.

1 Introduction

Efficient information retrieval (IR) is essential for LLM
agents, as the quality of retrieved contexts serves as the
foundational bottleneck for downstream generation (Guu
et al. 2020; Lewis et al. 2020; Borgeaud et al. 2022; Izac-
ard et al. 2023). While query-side retrievers and generators
have been extensively refined—from sparse models (Robert-
son and Zaragoza 2009) to dense dual-encoders (Karpukhin
et al. 2020), late-interaction frameworks (Khattab and Za-
haria 2020), and cross-encoder rerankers—corpus-side rep-
resentation has largely remained a fixed input. Conventional
preprocessing merely alters text without enhancing its infor-
mation density or logical structure.

Recent methods began to exploit document structure for
indexing, and Singh, Reddy, and Chopra (2026) show that
once a strong cross-encoder reranker is present, common
retrieval enhancements yield no reliable additional gain. This
raises the question of whether index-side representation can
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Figure 1: Overview of Index-Side Optimization. PRIME op-
erates on the corpus representation prior to indexing, com-
plementing existing query-side and generator-side methods
without modifying the retriever.

be improved and whether its benefits are compensated by a
strong pipeline.

We propose that retrieval quality is bounded by the infor-
mation density of the indexed corpus. Once a strong retriever
and reranker are in place, the remaining leverage lies in in-
formation structure and density at the index level. Guided by
this principle, we present PRIME, an index-side quality op-
timization framework that operates on two complementary
tracks without modifying the retriever. Semantic Restructur-
ing (SR) employs an LLM-driven transformation to explicate
implicit argument structure and compress descriptive prose
within each section, increasing knowledge density for long
structured documents. In parallel, Metadata Synthesis (MS)
and Hierarchical Retrieval (HR) form a fully deterministic
track: MS extracts semantic anchors and heading structure
from the original document, which HR then consumes with
lightweight high-density embeddings for coarse document
filtering and a cross-encoder for fine-grained section rerank-
ing. Figure 1 situates PRIME in the retrieval landscape.

Our key contributions are:

* Deterministic structural metadata matches structure-
aware chunking’s retrieval quality while cutting embed-
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Figure 2: PRIME architecture. The framework operates on two complementary tracks: (Left) an LLM-driven Semantic Restruc-
turing track transforms documents into knowledge-dense representations; (Right) a deterministic track uses Metadata Synthesis
to extract structural anchors, which power a Hierarchical Retrieval pipeline with RRF fusion and cross-encoder reranking.

ding computation by 45.8x and index vector count by
22.4x, establishing a more efficient and lightweight alter-
native to LLM-mediated indexing.

* On top of these deterministic gains, Semantic Restructur-
ing (SR) further yields an additional +13.7% Answer-F1
in full deployment, with characterized semantic quality,
fidelity, and cost trade-offs.

* Througha5 x 3 factorial ablation on QASPER, BRIGHT,
and NFCorpus, we identify three corpus regimes,deficit-
bridging, structural exploitation, and structural satura-
tion,that determine whether index-side optimization helps
or degrades retrieval, and show that a strong cross-
encoder reranker neutralizes these gains.

2 Related Works

Query-side retrieval has been extensively optimized. From
sparse retrieval (Robertson and Zaragoza 2009) to learned
sparse representations such as SPLADE (Formal, Pi-
wowarski, and Clinchant 2021). Dense retrieval pro-
gressed through dual-encoder architectures including DPR
(Karpukhin et al. 2020), ANCE (Xiong et al. 2021) and
Contriever (Izacard et al. 2021), multi-vector late-interaction
models represented by ColBERT (Khattab and Zaharia
2020), and multilingual general-purpose encoders like BGE-
M3 (Xiao et al. 2024). Multi-stage refinement adds cross-
encoder rerankers (Nogueira and Cho 2019) and LLM-based
listwise ranking approaches such as RankGPT (Sun et al.

2023). On the query formulation side, methods including
HyDE (Gao et al. 2023) expand queries via hypothetical
passages. However, these methods optimize how queries are
encoded, matched, and ranked against a fixed document rep-
resentation.

On Corpus-Side, several lines of work have modified the
corpus before indexing. Early document preprocessing tech-
niques (Manning 2008) adjust surface token forms. Early
structured document retrieval (Wilkinson 1994) exploited
pre-existing field markup for weighted term scoring but re-
lied on author-provided structure. Extractive summarization
for IR (Tombros and Sanderson 1998) selects a subset of
existing sentences and trades recall for conciseness with-
out generating new, denser text. Document expansion via
query prediction such as Doc2Query (Nogueira et al. 2019),
appends synthetic queries to broaden lexical coverage for
term matching, yet leaves the document’s original knowl-
edge content and information density unchanged. Chunking
strategies (Bhat et al. 2025) determine where to place seg-
ment boundaries but preserve the token composition within
each segment. Across these approaches, a common pattern
emerges: each modifies how text is packaged, not what the
text conveys.

Index-Side Restructuring: Recent Progress and Re-
maining Gap. Recent methods have begun exploiting doc-
ument structure for indexing. Multi-view Content-aware In-
dexing (Dong et al. 2024), DISRetrieval (Chen et al. 2026b),
and PaperRegister (Wang et al. 2026) organize documents by



content structure, discourse, or register but derive representa-
tions from original tokens without transformation. Summary-
Augmented Chunking (Reuter et al. 2025) injects document-
level context into chunks, improving retrieval without rewrit-
ing the indexed text. RAPTOR (Sarthi et al. 2024) generates
recursive LLM summaries but relies on embedding-driven
clustering. GraphRAG (Edge et al. 2024) and follow-up
graph-based methods such as PathRAG (Chen et al. 2026a)
and LeanRAG (Zhang et al. 2026) reorganize at the graph
level without modifying indexed text. Across these methods,
structure is exploited but text is not transformed; text is en-
riched but its information density is not increased. Singh,
Reddy, and Chopra (2026) add a critical constraint: once a
strong cross-encoder reranker is present, retrieval enhance-
ments yield no Holm-corrected gain. PRIME occupies the re-
sulting gap; generative text restructuring that increases infor-
mation density (SR), combined with deterministic metadata
extraction (MS) and structure-aware hierarchical retrieval
(HR), with characterized boundary conditions.

3 Method
3.1 Preliminary

LetC = {D,..., Dy} denote the corpus where each doc-
ument D; consists of second-level headings (H2). PRIME
processes documents through two tracks, illustrated in Fig-
ure 2. Semantic Restructuring (SR) employs LLM-driven
analysis to transform D; into a knowledge-dense representa-
tion Dy that preserves the original H2 structure. Metadata
Synthesis (MS) and Hierarchical Retrieval (HR) form a
deterministic track where MS extracts top-5 discriminative
terms t and a heading tree h from the corpus (D; or D), and
HR consumes these metadata through a two-stage pipeline:
coarse document filtering on high-density metadata embed-
dings followed by section-level cross-encoder reranking.

PRIME supports two deployment modes. Offline mode
runs MS and HR directly on the original corpus without SR,
producing metadata M; = MS(D;). Fullmode applies SR to
produce Dy, then extracts metadata from the restructured text
(M} = MS(Dy)) and runs HR; D} also replaces D; as input
to BM25 and the cross-encoder reranker. For component
ablation, we also evaluate the SR body text by itself without
MS metadata (denoted SR (full-text) in Table 2).

Formally, the two modes are:

Offline: D; % M,
Iyec = Index(M;)
ImeS = Index(Di)

Full: D; % D7 M
Dy X
Iyec = Index(M))
Tymos = Index(Dy)
where M; = (t;,h;) denotes the top-5 discriminative

terms and heading tree.

3.2 Semantic Document Restructuring

SR transforms each document D; into a knowledge-dense
representation D while preserving the original H2 struc-
ture. It operates along two semantic axes: Explication re-
constructs implicit argumentative structures within each H2
section into declarative statements, and Compression elim-
inates descriptive prose while retaining core contributions,
conclusions, key terms, and numerical results. By remov-
ing low-IDF filler tokens, SR shifts D; toward high-IDF
discriminative terms, so the cross-encoder’s pairwise atten-
tion operates on a denser semantic signal per token and the
LLM generator consumes fewer tokens for the same answer-
relevant content.

To ensure complete coverage, SR invokes the LLM per
H2 section following the document’s heading tree, mitigat-
ing lost-in-the-middle effects (Liu et al. 2024). The compu-
tational cost is ¢(D) = 3 ¢ pro(p) (@ - len(h) + ), where
« captures per-token inference cost and 3 the per-section
prompt and API overhead; output tokens add a symmetric
cost factor (full break-even analysis in the Supplementary
Material, Appendix D.6).

3.3 Deterministic Metadata Synthesis

The Metadata Synthesis (MS) module generates two types of
metadata for the HR pipeline (Hierarchical Retrieval): dis-
criminative terms for document-level separation and a head-
ing tree for section-level navigation.

Discriminative terms are selected as the top-5 candidates
using a TF-IDF scoring function (Salton and Buckley 1988):

score(t) = TF(t) X IDF orpus(t)
% (1 _ a)ﬁrst_Pos/n % (1 + ﬁ 'Héin_heading(t))' 2)

where TF(t) and IDF opus(t) denote the term frequency
and corpus-level inverse document frequency of ¢, first_pos
is the token position of s first occurrence in D;, n = |D;],
a = 0.3 controls the positional decay rate, and 8 = 2.0
weights the heading bonus. Terms are whitespace-delimited
tokens after lowercasing and punctuation removal. IDF;orpys
uses the smoothed form log df&ﬁll + 1 to avoid negative
values when df(¢) = N, and is computed from the evaluation
corpus itself rather than from an external reference, since
domain-specific IDF better captures distinctiveness across
structurally diverse corpora (evaluated in Experiments).

The heading tree, parsed from H2 headings of D;, together
with the document title and discriminative terms form a high-
density metadata embedding for coarse filtering and provide
section boundaries for fine-grained reranking.

3.4 Structure-Aware Hierarchical Retrieval

The Hierarchical Retrieval (HR) module consumes MS-
generated metadata through a two-stage pipeline: coarse doc-
ument filtering followed by section-level reranking. This de-
sign reflects the observation that document-level relevance
can be assessed via coarse semantic signals, while section-
level relevance requires fine-grained token interaction.



Stage 1 — High-Density Document Filtering Stage 1 re-
trieves candidate documents using two parallel pathways.
The BM25 pathway indexes the full document text for ex-
act keyword matches. The vector pathway indexes the high-
density metadata (title + discriminative terms + heading tree)
encoded via BGE-small-en-v1.5 (384-dim; Xiaoetal., 2024).
Results from both pathways are merged via Reciprocal Rank
Fusion (RRF, k& = 60) (Cormack, Clarke, and Buettcher
2009) to form a top-30 candidate set. The heading tree is in-
variant to whether SR is applied (H2 structure is preserved).
In PRIME (offline), discriminative terms are extracted from
D;. In full PRIME, terms are extracted from D}, reflecting
SR’s vocabulary shift; the resulting impact is quantified in
the Ablation.

Stage 2 — Section-Level Evidence Localization Stage 2
scores each H2 section of candidate documents using a cross-
encoder (ms-marco-MiniLM-L-6-v2; Reimers & Gurevych,
2019), fine-tuned on MS MARCO (Bajaj et al. 2016). The
top-5 sections by CE score are forwarded to the LLM gen-
erator. Document-level rankings in Experiments are derived
via best-section aggregation: score(D) = maxsep CE(q, s).
The lightweight cross-encoder eliminates query-time LLM
overhead typical of listwise rerankers. Full model configura-
tion and hyperparameters are provided in Appendix B.

4 Experiments

Datasets We evaluate on three structurally diverse bench-
marks: QASPER (Dasigi et al. 2021) serves as the target
scenario for PRIME’s full pipeline: we use 416 papers from
the official test set, producing 1,451 queries with document-
level grels (one relevant document per query, 415 negatives).
Queries are natural language questions without title or meta-
data. BRIGHT (SU et al. 2025) tests cross-domain gener-
alization of PRIME’s offline mode across mixed-structure
sources. We evaluate all twelve subsets despite four (AoPS,
LeetCode, TheoremQA-Q, and TheoremQA-Theorems) re-
quiring reasoning which fall outside PRIME’s design scope.
NFCorpus (Boteva et al. 2016), from the BEIR benchmark
(Thakur et al. 2021), defines the boundary condition where
structural metadata provides no discriminative signal.

Evaluation Metrics We evaluate PRIME across four com-
plementary dimensions: retrieval quality, downstream QA
utility, text density, and operational cost. This evaluation
framework establishes a complete evidence chain from
index-side representation quality to end-to-end task perfor-
mance.

Retrieval Quality. All three datasets use NDCG @5, P@5,
R@5,P@1,R@1, and MRR. QASPER uses document-level
grels (one relevant doc per query), so P@1 =R@1 and R@5
= 5xP@5, and NDCG®@5 reduces to a rank-based metric
driven entirely by the position of the single relevant docu-
ment. NFCorpus uses graded relevance (0-2); BRIGHT uses
evidence-based binary qrels.

Consumption-Side QA Quality. QA is evaluated via
QASPER'’s official Answer-F1 (Dasigi et al. 2021), com-
puted as the best match over the three reference answers per
question.

Text Density — Corpus-Level Transformation. We
quantify SR’s effect on document representation via four met-
rics. Three capture orthogonal dimensions: stopword ratio
(filler compression), technical term density (domain terms
per 100 tokens), and mean IDF (average token distinctive-
ness) (Robertson 2004). The fourth, semantic density, inte-
grates them into a composite signal-to-noise ratio. We define
semantic density as:

. . content_tokens X mean_idf
Semantic Density =

stop_tokens + 1

The numerator estimates total information carried by a
document, content-bearing tokens weighted by their average
distinctiveness across the corpus. The denominator estimates
noise, filler words that contribute surface length without se-
mantic content. A full derivation appears in Appendix D.7.

Implementation All PRIME variants share a unified back-
end: BGE-small-en-v1.5 (384-dim) (Xiao et al. 2024), hn-
swlib configured with M=32, ef=200, and cosine similarity
(Malkov and Yashunin 2018), and SQLite FT'S5 with porter
stemming. All query-side components (embedding, BM25,
vector search, and cross-encoder (ms-marco-MiniLM-L-6-
v2) (Reimers and Gurevych 2019)) run on a single NVIDIA
RTX 5090 GPU. SR uses DeepSeek-V4-pro (Xu et al. 2026)
attemp=0; QA generation in Context Quality uses DeepSeek-
V4-Flash. All hyperparameters were fixed before evaluation
based on literature defaults with no tuning on test queries.
Full configuration and hyperparameter tables are in Ap-
pendix D.

4.1 Main Results
Retrieval Quality

QASPER Index-side optimization improves retrieval, but
its measurable advantage narrows as downstream pipeline
components increasingly compensate for weaker embed-
dings. We establish this through two complementary analy-
ses: a shared-pipeline ceiling that reveals convergence under
a strong reranker (Table 1), and a factorial decomposition that
isolates index representation from pipeline effects (Table 2).

All six methods converge within NDCG@5 =
0.389-0.398, echoing the reranker-saturation effect reported
by Singh, Reddy, and Chopra (2026): once a strong cross-
encoder is in the loop, corpus-side differences become nearly
inseparable. This apparent equivalence conflates index qual-
ity with pipeline strength. We therefore evaluate a 5 x 3
factorial matrix varying only the indexed text representation
across three pipelines (Dense-only, Hybrid BM25+RRF, Hy-
brid+CE), disentangling the two. 95% paired bootstrap Cls
(10,000 resamples) are reported.

As shown in Table 2, Index representation matters in
isolation: in the Dense-only column, all four structured rep-
resentations outperform chunk-256 (p < 0.001). The con-
vergence in table 1 reflects that BM25 and the CE reranker
mask these underlying embedding differences: the advantage
of structured over raw narrows from +15-22% (Dense-only)
to +7-9% (Hybrid) to <0.005 (Hybrid+CE).



Table 1: Retrieval quality on QASPER 416 (1,451 queries). BGE-M3 uses chunk-256 max-pooling; Summary-Augmented
prepends section summaries to chunks;, RAPTOR:-lite does section+window retrieval without LLM summarization. Structure-
chunks is a simpler H2-aware chunking baseline (no MS metadata, no HR pipeline). PRIME (Full) is excluded because SR
alters the BM25-indexed text, breaking the shared-pipeline condition.

Method NDCG5 NDCGI10 Recall5 Precision5 P1 MRR
Raw (chunk-256) 0.391 0.405 0.462 0.092 0.306 0.373
BGE-M3 (1024-dim) 0.389 0.398 0.453 0.091 0.306 0.371
Summary-Augmented 0.398 0.411 0.471 0.094 0.309 0.379
RAPTOR-lite 0.391 0.408 0.461 0.092 0.307 0.375
PRIME (offline) (ours) 0.396 0.409 0.469 0.094 0.309 0.377
Structure-chunks 0.396 0.411 0.466 0.093 0.310 0.379

Table 2: Factorial ablation: NDCG @5 on QASPER 416. 95% paired bootstrap Cls in brackets. All configurations share identical
retrieval pipelines; only the indexed text varies between rows. The five index representations and three retrieval pipelines are
defined in Preliminary.

Index Representation Dense-only Hybrid (BM25+Vec+RRF) Hybrid+CE

Raw (chunk-256) 0.175[.164,.186] 0.311 [.296,.327] 0.391 [.370,.412]
Structure-chunks 0.201 [.187,.216] 0.338[.321,.354] 0.396 [.375,.416]
PRIME (offline) 0.201 [.186,.217] 0.332 [.315,.349] 0.396 [.375,.416]
SR (full-text) 0.208 [.196,.221] 0.245[.232,.258] 0.328 [.309,.347]
PRIME (Full) 0.214 [.199,.229] 0.241 [.227,.256] 0.325 [.307,.345]

Within this narrowing gap, structured representations ex-
hibit distinct efficiency trade-offs: Deterministic metadata
matches structure-aware chunking at a fraction of the
cost. Structure-chunks and PRIME (offline) remain indis-
tinguishable (overlapping 95% CIs). Yet, PRIME (offline)
embeds only metadata while capturing the same document-
filtering signal as full-text chunking, at 45.8x less embedding
computation and 22.4x fewer indexed vectors (Operational
Cost). In contrast, both SR-based representations trade lexi-
cal signal for semantic density. PRIME (Full) achieves the
highest Dense-only NDCG@5 (0.214), confirming that the
compact metadata embedding (title, topic tags, and heading
tree extracted from SR text, ~200 tokens) already captures
stronger discriminative signal than raw chunk-256. However,
BM25—common to both SR (full-text) and PRIME (Full) via
the same SR body index—drops substantially below Raw in
the Hybrid pipeline (0.241 and 0.245 vs. 0.311), because
rewriting shifts text toward high-IDF terms at the expense of
surface keyword overlap. CE reranking partially recovers this
loss (Hybrid+CE: 0.325 and 0.328), though this retrieval-side
cost is ultimately offset by improved context quality during
generation (Context Quality).

BRIGHT We evaluate PRIME (offline) on all twelve
BRIGHT tasks. Table 3a reports the eight retrieval tasks;
TheoremQA-Theorems is excluded from the average and
noted in the caption. The other three reasoning tasks are
reported separately in Appendix E of Supplementary Mate-
rial.

The A distribution across the eight structured tasks falls
into three qualitative regimes, each predicted by corpus prop-
erties that can be assessed before retrieval. At one extreme,
deficit-bridging (pony, +175.6%): dense API reference doc-
umentation is poorly represented by BGE-small’s pretrain-
ing distribution, so the discriminative terms by MS serve as
a natural-language bridge for the encoder. Typical structured

documents earn modest gains from structure-exploiting (bi-
ology to economics, +4.6% to +22.3%), where structured
H2 sections with [edit] wiki markers anchor CE section
reranking. At the opposite end, structure-absent or satu-
rated domains (sustainable_living to earth_science, -3.1%
to -23.1%) show that prose already well-embedded by BGE-
small, with sparse or empty heading trees, receives no ad-
ditional discriminative signal from metadata. TheoremQA-
Theorems (-59.8%, excluded from the average) marks a dis-
tinct fourth mode rather than saturation: its LaTeX blocks are
parsed as H2 sections but fragment mathematical proofs and
requires reasoning, so the CE scores an isolated definition
against a query that requires a complete inferential chain.

NFCorpus NFCorpus (Boteva et al. 2016) defines the op-
posite boundary. This dataset features short documents with-
out H2 headings, PRIME extracts only a pseudo-title with
five TF-IDF topic tags per document. We also report PRIME
(Full-Text) where the same topic tags are injected alongside
the original full-text embedding to isolate the metadata con-
tribution.

As shown in Table 4, PRIME alone drops 19.5%
NDCG@5 below BGE-small: the five topic tags are insuf-
ficient context for short, high-density abstracts. In contrast,
PRIME (Full-Text) recovers to within 2.1% of BGE-small
(NDCG @5 0.366 vs 0.374), slightly exceeding in MRR, con-
firming that the tags introduce a mild perturbation without
adding discriminative signal, the boundary condition where
structural metadata ceases to help and begins to interfere.

Context Quality Retrieval Quality showed that SR de-
grades retrieval under Hybrid+CE (NDCG@5 0.325 vs.
0.391 for Raw). We find that SR’s downstream gains in con-
text quality partially compensate for this retrieval cost. Table
5 traces the causal chain from text density through evidence
localization to answer quality.



Table 3: Cross-domain retrieval on the eight BRIGHT structured tasks. A = (PRIME-Baseline)/Baseline; 95% Cls from 10,000-
sample paired bootstrap (BCa) over per-query NDCG@5. Per-task Cls span zero (65-103 queries/task), so individual task deltas
are not independently significant; the +6.9% macro-average reflects a distributional shift across domains rather than a per-task

claim. TheoremQA-Theorems (PRIME NDCG@5 = 0.012, A = -59.8%) is excluded from this average.

BGE-small (baseline)

PRIME (offline)

Tasks ANDCG@5 95% CI (A)
NDCG@5 P@5 R@5 NDCG@5 P@5 R@5

Pony 0.067 0.073  0.048 0.185 0.154 0.126 +175.6% [—0.063, +0.299]
Biology 0.379 0.128 0.491 0.464 0.155 0.598 +22.3% [—0.188, +0.357]
Stackoverflow 0.234 0.075 0.359 0.272 0.079  0.363 +16.2% [—0.203, +0.279]
Robotics 0.181 0.052 0.253 0.200 0.059 0.282 +10.5% [—0.250, +0.290]
Economics 0.247 0.070  0.333 0.258 0.074 0.354 +4.6% [—0.242, +0.265]
Sustainable_living 0.250 0.080 0.342 0.242 0.082 0.343 —-3.1% [—0.259, +0.244]
Psychology 0.217 0.069 0.304 0.199 0.061 0.259 —8.2% [—0.277, +0.242]
Earth_science 0.458 0.157 0.537 0.352 0.128 0.419 —-23.1% [—0.404, +0.193]
Avg (8 tasks) 0.254 0.088 0.333 0.272 0.099 0.343 +6.9% —

Table 4: Retrieval quality on the full NFCorpus. Graded rel-
evance 0-2 binarized at > 1. PRIME(FT) denotes PRIME
(Full-Text), A; denotes PRIME vs BGE-small and A, de-
notes PRIME (Full-Text) vs BGE-small.

Table 5: SR causal chain: text density and evidence local-
ization (QASPER 416). Panel A uses fixed raw-corpus ref-
erence IDF. Panel B uses section grels from gold evidence
spans mapped to H2 sections, averaged over the 708 shared
queries of Raw and SR section qrels to avoid survivor bias.

Method NDCG@5 P@5 R@5 MRR
BM25 0.350 0.295 0.119 0.530
BGE-small 0.374 0.324 0.121 0.538
BGE-base 0.387 0.336 0.126 0.561
PRIME 0.301 0.264 0.084 0.460
PRIME (FT) 0.366 0.316 0.118 0.540
Ay -19.5% -18.5%  -30.6% -14.5%
As -2.1% -2.5% -25%  +0.4%

Table 5 quantifies SR’s effect at two intermediate stages.
Panel A reveals that SR increases the knowledge density of
the context substantially: filler tokens drop by 36.3%, mean
IDF rises 19.7%, and semantic density increased by 127.3%.
Panel B shows that this signal propagates to all evidence
retrieval metrics on the 708 queries with section-level ev-
idence in both corpora: SR+CE outperforms Raw+CE on
section-level NDCG @5 (+45.7%), Recall@5 (+59.9%), Pre-
cision@5 (+7.9%), MAP (+69.4%), MRR (+15.4%), and
Token Recall@5 (+14.1%), while indexing 29.0% fewer ev-
idence tokens per query, confirming that the CE better lo-
calizes relevant content within fewer tokens when the under-
lying text is denser. Across QASPER’s question categories,
SR improves section-level Recall@5 for extractive (+63%),
abstractive (+56%), and unanswerable (+61%) queries, in-
dicating the gain stems from text density rather than answer
format. Yes/no queries are excluded (2 queries with evidence-
bearing sections). Full derivation of density metrics in Ap-
pendix D.5, full evidence retrieval metrics in Appendix D.7.

Finally, we quantify SR’s end-to-end QA impact, denot-
ing configurations as retrieval corpus to generation corpus.
All configurations share the same full-body hybrid retrieval
pipeline, differing only in whether the raw or SR corpus be-
ing indexed and read. Raw to Raw yields a baseline Answer-
F1 of 0.0842. Raw to SR adds +2.9% (0.0866), isolating
SR’s value as denser reading material. Full to Full reaches

Raw SR A %
Panel A: Corpus-level density (416 docs)
Stopword ratio 0.365 0.233 -36.3%
Mean IDF 1.947 2.331 +19.7%
Tech term density (per 100 toks) 46.3 53.8 +16.1%
Semantic density (composite) 3.42 776 +127.3%
Panel B: Section-level evidence retrieval (CE reranker)
NDCG@5 0.127  0.185 +45.7%
Recall@5 0.128 0.204 +59.9%
Precision@5 0.089  0.096 +7.9%
MAP 0.095 0.161 +69.4%
MRR 0.198 0.229 +15.4%
Token Recall@5 0.442  0.505 +14.1%
Gold evidence toks per query 346.9 246.3 -29.0%

0.0957 (+13.7%), despite its document-level retrieval being
substantially weaker (demonstrated in Table 2). The gap be-
tween Raw to SR and Full to Full shows that SR benefits
QA primarily through improved cross-encoder evidence lo-
calization on denser sections, which more than compensates
for the document-level retrieval drop.

SR Fidelity SR increases text density but risks discarding
answer-critical content or introducing factual errors; Table
6 summarizes three audit dimensions across evidence reten-
tion, entity preservation, and NLI entailment on QASPER
(416 documents, 5,589 raw to SR section pairs, 2,231 gold
evidence spans).

As shown in Table 6, 63.2% of evidence spans survive re-
structuring; losses are almost exclusively through compres-
sion rather than hallucination (only 1.3% of spans appear in
SR but not raw text). The 25.7% of documents with retention
below 50% share a recognizable profile: multi-step procedu-
ral reasoning or cross-section comparisons whose interme-
diate steps SR’s declarative reformulation flattens into short



Table 6: SR fidelity audit on QASPER. Panel A: a span is retained if its character-level content appears verbatim in the SR
block. Panel B uses spaCy en_core_web_sm. Panel C uses roberta-large-mnli.

Metrics Value
Panel A: Evidence retention (2,231 gold spans, 373 docs)
Overall span retention 63.2%

Median per-document retention
Perfect retention (100% of spans)
High retention (80-99%)

Low retention (<50%)

66.7% (p25: 44.4%, p75: 100%)
26.8% of docs
35.1% of docs
25.7% of docs

Panel B: Entity & signal preservation (raw— SR, paired)

Numerical values preserved
Acronyms preserved

Named entities preserved
Extraneous spans (hallucinated)

91.0%
92.5%
72.7%
1.3%

Panel C: NLI entailment (roberta-large-mnli, 5,589 pairs)

Entailment
Neutral
Contradiction

summaries. Panel B shows strong preservation of atomic sig-
nals (numerical values 91.0% and acronyms 92.5%); named
entity rates drop to 72.7%, reflecting repeated mentions col-
lapsing under compression. Panel C reveals a4.3% contradic-
tion rate (95.7% NLI-consistent); 181 of 416 documents have
at least one contradiction, concentrated in formal/mathemat-
ical content where declarative reformulation flattens condi-
tional or quantified statements.

Taken together, these three audits define the quality-fidelity
profile of SR. For roughly 60% of documents, SR delivers
substantially denser text at negligible factual cost. For the
remaining documents, the primary risk is omission under
compression, not fabrication. Therefore, SR is best suited to
declarative, evidence-dense documents while domains rich
in procedural reasoning or formal logic require caution.

Operational Cost PRIME (offline) consumes zero query-
time LLM tokens and matches structure-aware chunking in
retrieval quality (Retrieval Quality, overlapping 95% Cls).
SR adds a one-time preprocessing cost of 56K tokens/doc
including per-section prompt overhead (Semantic Restructur-
ing). Against LLM pointwise reranking (~1,926 tokens/query
per 20-candidate batch), SR breaks even at 12,096 queries,
roughly 8.3x QASPER’s test set, after which it too operates
at zero per-query LLM cost. Full resource accounting tables,
per-dataset cost breakdowns, and break-even analysis are in
Appendix D.6.

4.2 Ablation

The 5 x 3 factorial design of Table 2 constitutes a component-
wise ablation, isolating index representations under fixed
retrieval pipelines. Under Dense-only, PRIME (Full) leads
at 0.214 (+22.2% over raw, p < 0.001); PRIME (of-
fline) matches structure-chunks (0.201 vs. 0.201). Under Hy-
brid+CE, SR-based variants drop below raw (0.325-0.328 vs.
0.391, p < 0.001), confirming that CE reranking on unmodi-
fied H2 sections saturates document-level signal—index-side
gains primarily manifest at the context level (Context Qual-

ity).

4,061 (72.7%)
1,286 (23.0%)
242 (4.3%)

5 Discussion

Our results reveal that index-side optimization is effective at
the context level. However, the fact that deterministic meta-
data matches structured chunking while SR’s QA gains flow
primarily through improved retrieval rather than context sub-
stitution points to a broader issue: retrieval metrics alone
are an incomplete lens on corpus-side preprocessing. Ad-
ditionally, the three-regime pattern across BRIGHT points
to a broader implication. Index-side interventions are not
universally beneficial, their utility is predictable from corpus
properties measurable before retrieval. This shifts the evalua-
tion focus from absolute improvement to corpus-conditioned
utility, precisely the dimension that standard IR benchmarks,
averaged over heterogeneous corpora, cannot resolve. Four
open problems follow. SR’s quality-fidelity trade-off raises
the question of when rewriting can be trusted without ver-
ification; its break-even cost (Operational Cost) motivates
lighter restructuring strategies without losing information;
the interference on heading-free corpora (Retrieval Quality,
NFCorpus) suggests corpus-adaptive strategies; and our text-
only pipeline is inherently limited to textual evidence — table
and figure content in QASPER is not indexed. These call for
a principled theory of index-side optimization conditioned
on document structure, rather than empirical heuristics.

6 Conclusion

We presented PRIME, an index-side optimization frame-
work combining LLM-driven Semantic Restructuring with
deterministic Metadata Synthesis and Hierarchical Retrieval.
Deterministic metadata matches structure-aware chunking at
45.8x less embedding computation and 22.4x fewer indexed
vectors. On top of these gains, Semantic Restructuring fur-
ther improves Answer-F1 by 13.7% in full deployment, with
characterized quality—fidelity—cost trade-offs. Through ex-
tensive evaluation, we identified the operating conditions
and cost profiles of this framework. Future work includes
improving SR fidelity under text restructuring in order to
fulfill its retrieval potential.
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