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ABSTRACT

Scientific information-extraction systems often return a claim
with an evidence string, which users must locate in the orig-
inal PDF. This is challenging because the extracted evidence
and PDF text layer are different representations: line wrap-
ping, Unicode variants, superscripts, citation markers, and
fragmented items alter text sequences and geometry. We
present a source-preserving alignment framework: normal-
ize text for robust matching while preserving provenance
for accurate localization. It aligns evidence with normalized
page text, maps matches back to source-character spans, and
renders only their geometry. When exact alignment fails,
line-break-aware token alignment recovers supported spans
while excluding unmatched noise. Experiments on 1,020
chemistry papers show that the framework achieves a 92.6%
quote-level automatic localization rate, compared with 43.6%
for text search and 19.1% for a precomputed bounding-box
baseline. Component ablation confirms distinct contributions
from normalization and approximate token alignment, while
human verification assesses the visual correctness of returned
highlights. Overall, these results demonstrate that reliable
evidence verification requires robust matching and precise
localization within a shared source-preserving alignment rep-
resentation.

Index Terms— PDF evidence localization, scientific doc-
ument grounding, source-preserving alignment, text normal-
ization, geometric provenance

1. INTRODUCTION

Retrieval-augmented generation [1]] and scientific claim ver-
ification [2] use retrieved evidence, while S20RC provides
structured scientific text [3]] and citation-generation research
stresses that answers should be verifiable [4]]. Making evi-
dence useful requires locating it on the original PDF page.
Unlike standard text search, this task must match evidence
from Markdown or other logical formats to PDF text with
line and item breaks, different dash forms, citation markers,
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and separate superscripts. These differences arise from the
PDF text model and character encoding [5} 6] and remain a
challenge in scholarly-PDF extraction [7, [8]. Matched text
must then be turned into precise page-level highlights. Plain
text search is sensitive to normalization differences; precom-
puted bounding boxes cannot handle text not expected at in-
dexing time and are sensitive to changes in layout and en-
coding. Neither preserves the character-level link to source
geometry needed for accurate highlighting.

We frame evidence localization as alignment among nor-
malized text for matching, source characters for provenance,
and page geometry for rendering. Our principle, normalize
for matching, preserve provenance for localization, links each
normalized character to its source item and offset through
an explicit provenance map. Handling extraction differences
alone cannot ensure accurate highlight boundaries. We con-
tribute (1) a normalized representation that preserves these
source links, (2) a method that uses it to turn exact or approx-
imate text alignment into character spans and highlights based
on page geometry, and (3) an evaluation on scientific chem-
istry PDFs against text-search and precomputed bounding-
box baselines, showing higher localization success and more
accurate highlight boundaries, especially for long evidence
strings.

2. RELATED WORK

PDF libraries such as PDFE,js [9] and PyMuPDF [10] expose
page strings, text items, and geometry, while neural parsers
improve structured extraction but do not guarantee trace-
able visual source spans [11]. Standard search is fragile to
extraction-order, encoding, and layout differences, whereas
bounding-box indexes are limited by text-to-box correspon-
dence.

This correspondence is particularly difficult for scientific
PDFs, where equations, formulas, Greek letters, superscripts,
and reference markers can be fragmented or nonstandard.
Document-layout resources likewise show substantial visual
and structural variation [12, /13,114, /15]. A robust locator must
therefore combine tolerant comparison with faithful recovery
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of source characters and geometry.

Approximate string matching handles textual errors [16],
while classical sequence alignment [[17]] and longest-common-
subsequence (LCS) algorithms [18]] identify ordered corre-
spondences despite gaps. Our token-level fallback uses LCS
correspondences to recover supported tokens; PDF evidence
localization additionally projects them through a provenance
map to source characters and page geometry.

3. PROPOSED METHOD

3.1. Deterministic Matching Procedure

Let ¢ denote an evidence quote and let P = {p1,...,p,}
denote the ordered PDF text items, where each p; contains
source text s; and transform 7;. The method uses fixed
rules rather than learned parameters. It first normalizes and
searches for an exact occurrence:

4d=N(q),

If exact matching fails, let q = (q1,...,¢m) and p be
the normalized quote and page token sequences. For m > 5,
the method enumerates a fixed set of candidate windows and
selects

p=N(s1) |- [ N(sn)- (1

w =arg max score(q,w). 2)

weC(q,p)
The fallback result is returned only when score(q, w) > 7,
where 7 = 0.8; otherwise, no fallback match is returned.
Thus, the procedure performs deterministic selection from a
finite candidate set rather than parameter optimization.

3.2. Normalization and Provenance Mapping

We define a normalization function N(-) that applies Uni-
code compatibility normalization, dash/minus unification,
malformed-encoding repair, scientific-symbol mapping, and
removal of layout-only separators, consistent with the Uni-
code representation principles used by PDF text workflows
[6,15]. The normalized quote and page stream are

4= N(q),

During normalization, every output character stores a pair
(i, ¢) identifying its source text item ¢ and source character
offset c¢. Thus, an exact match in p can be projected back to
the corresponding source intervals.

The normalization includes compatibility rules for sym-
bols commonly damaged during PDF extraction. These rules
are used only for comparison; the original page text is never
rewritten.

p=N(s1) [ N(s2) [[--- [ N(sn).  3)

3.3. Exact Matching and Character-Range Clipping

If ¢ occurs contiguously in p, the method collects all source
intervals touched by the match. For each text item, only the

interval [Cstart, Cond) is Tendered. Because PDFjs text items
do not generally expose per-glyph rectangles, the horizontal
extent is estimated proportionally from the item width:

Cstart Cend
; Tend = To + W .
|s:] |s:]

The resulting rectangle is transformed using the item’s PDF
matrix and clipped to the page viewport. This prevents a quote
ending inside a text item from highlighting the next sentence
contained by the same item.

“4)

Tstart = Lo + W

3.4. Line-Break and Noisy-Text Alignment

When exact matching fails, both texts are tokenized. Alpha-
betic line-end hyphenation is merged when its fragments
form a word, while formula-like strings such as “ZSM-
5” are preserved. For a quote of m tokens, each scale
a € {0.70,0.85,1.00,1.15,1.30} produces a candidate
length ¢, = round(am), using nearest-integer rounding
with half values rounded upward. Windows longer than the
page-token sequence are omitted.

For a candidate token window w = (w1, ..., wy), we use
the longest common subsequence [18] to define the score as

B LCS(q,w) _LCS(q,w)
seore(a, W) = Saxal W) max(m 0 O

Both the LCS count and its denominator are measured in to-
kens. The renderer highlights only LCS-aligned tokens, ex-
cluding unaligned markers.

3.5. Geometric Rendering

For each matched source interval, the method computes the
four transformed corners of the text rectangle from the PDF.,js
transform matrix. Rectangles are clamped to normalized page
bounds and merged only when they are nearby fragments on
the same rendered line. This avoids merging across columns,
headers, or unrelated text regions.

4. EXPERIMENTS AND ANALYSIS

4.1. Dataset

The corpus contains 1,020 publicly accessible chemistry
papers paired one-to-one with Markdown evidence files,
comprising 18,580 quote instances (18.2 per paper). All
PDF-Markdown filename pairs were verified; no PDF was
missing. Only papers with both files available were retained,
so the benchmark evaluates localization rather than upstream
claim extraction. Quotes vary in length, and PDFs include
multi-column pages, chemical formulas, figure references,
and noisy text layers, exposing ordinary search failures and
boundary errors after apparently successful matches. For re-
producibility, we provide the PDF-Markdown pairing rule,



quote parser, BBOX records, and comparison scripts. The
corpus manifest records each paper’s identifier, public access
source, access date, and redistribution status.

4.2. Comparison Methods

We compare three methods. Proposed uses source-preserving
normalization, alignment, source-span recovery, and geometry-
aware rendering. PyMuPDF performs direct evidence lookup
through the PDF library’s standard search interface. BBOX
searches an offline page-text and bounding-box index, then
renders the retrieved boxes.

4.3. Evaluation Metrics and Human Verification Protocol

The automatic metric is quote-level localization rate, i.e., the
fraction of quotes for which a method returns at least one can-
didate page region:

#{quotes with a returned candidate region}

LocalizationRate =
ccalizationitate #{evaluated quotes}

(6)
We separately assess visual correctness on 18,572 reviewed
quotes per method, with verification completed by six evalua-
tors. Manual percentages use this reviewed cohort as their de-
nominator; the remaining eight quotes have no manual labels.
Each quote—method output receives one of three evaluation
labels: Correct (the intended evidence is fully and accurately
highlighted), Incorrect (a localization is returned but is not
fully accurate, including minor boundary excess or omission),
or Not found (no usable localization). Each item has one final
recorded label. Automatic localization rate measures candi-
date availability, whereas these manual labels assess visual
correctness.

4.4. Overall Performance

Table[T]and Figure[T]show that the proposed method achieves
a 92.6% automatic localization rate, versus 43.6% for text
search and 19.1% for precomputed BBOX. Reliable localiza-
tion therefore requires matching positions, source characters,
and page geometry in a shared representation.

4.5. Component Ablation

Figure[2]isolates the contributions of the proposed normaliza-
tion and approximate alignment on the same 1,020 papers and
18,580 quotes. Removing approximate alignment disables the
LCS fallback while retaining normalized exact matching. Re-
moving the proposed normalization instead uses the PDF.js-
extracted text stream directly while retaining the same LCS
fallback. This comparison evaluates the added benefit of our
normalization beyond the extracted PDF,js text representa-
tion. The results show that the proposed normalization pro-
vides the larger gain in localization rate, while approximate
alignment further recovers disrupted token sequences.
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Fig. 1. Quote-level automatic localization rate.
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Fig. 2. Component ablation on the full evaluation corpus. Er-
ror bars show 95% bootstrap confidence intervals over quotes.

We further conduct a rendering-only boundary ablation
on the 17,213 successfully localized quotes: holding the
matched source spans fixed, we compare character-range
clipping with highlighting every matched PDFEjs text item.
Whole-item rendering adds 62.8 source characters per quote
on average (26.8% of highlighted characters), whereas clip-
ping introduces no whole-item excess by construction; thus,
provenance mapping improves highlight specificity without
changing localization decisions.

4.6. Robustness to Evidence Length

Figure [3] compares localization rates across quote-length
groups. The proposed method peaks at 81-160 characters
and then declines, but remains substantially ahead of both
baselines for longer quotes. BBOX slightly exceeds the pro-
posed method in the shortest group. PyMuPDF peaks at
41-80 characters before declining, whereas BBOX declines



Hit Rate by Quote Length
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Fig. 3. Quote-level automatic localization rate by evidence
length.

Table 1. Quote-level results. Loc. Rate uses all 18,580
quotes; Accuracy and Not Found Rate are the manual Cor-
rect and Not found shares among 18,572 reviewed quotes. All
rates are rounded to one decimal place.

Method Loc. Rate Accuracy Not Found Rate
Proposed 92.1% 91.9% 7.9%
Text-search baseline 43.6% 43.6% 56.4%
Precomputed-BBOX baseline  19.1% 19.1% 80.9%

across all groups. Longer strings can cross text items and
line breaks or contain marker insertions and encoding vari-
ation; provenance mapping recovers supported text without
expanding highlights to unmatched content.

4.7. Human Evaluation

Six evaluators from our laboratory, including faculty mem-
bers and senior students, manually assessed the localization
outputs. Each quote—method output was randomly assigned
to one evaluator, who compared the highlight with the corre-
sponding evidence in the original PDF. A result was labeled
Correct only when both its location and boundaries matched
exactly; any positional error, excess, or omission was labeled
Incorrect, and no usable localization was labeled Not found.

Figure [4 summarizes the three-category results. The pro-
posed method achieves the highest Correct rate, while both
baselines have larger Not found shares. Table [I] reports the
manual and automatic localization rates using their respective
evaluation cohorts.

4.8. Error Analysis

Remaining errors mainly arise from complex layouts that dis-
rupt extraction order, proportional widths that approximate
variable character widths, and severe extraction errors beyond
the normalization rules and LCS threshold.
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Fig. 4. Manual verification on 18,580 quotes per method.
Correct requires fully accurate localization; partial or inac-
curate localizations are Incorrect.

The framework assumes a usable PDF text layer; separat-
ing matching from rendering makes residual errors easier to
diagnose.

The principal qualitative advantage is boundary control.
If an evidence string ends at “activities” but its item contin-
ues with “It is worth noting that”, whole-item highlighting
includes unsupported text. Our provenance mapping crops
the rectangle at the final evidence character; token alignment
likewise excludes inserted markers.

5. LIMITATIONS AND FUTURE WORK

The current implementation estimates character geometry
from item width, so variable-width fonts can yield loose
boundaries. Glyph-level metrics or native text-layer posi-
tioning could address this limitation. Layout-aware analysis
could further improve multi-column reading order [14],
while confidence calibration and lightweight correction could
support large-scale verification.

6. CONCLUSION

We present a source-preserving framework that maps nor-
malized evidence to source characters and page geometry for
robust matching and precise highlights. Experiments show
substantial improvements over text-search and precomputed-
BBOX baselines, especially for long evidence strings. The
ablation results further show that both normalization and ap-
proximate token alignment are necessary for this gain.
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