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Abstract

Retrieval-augmented generation depends on
both the retrieval method and the units over
which retrieval operates. Yet retrieval-unit
choices remain underexplored for Thai legal
documents, where language and document
structure challenge common chunking assump-
tions. We introduce a 2,000-question Thai
Royal Gazette dataset with single-hop and multi-
hop tasks. The dataset annotates gold evi-
dence as document character spans, which per-
mits unit-independent evaluation. We compare
19 configurations across chunk sizes, bound-
ary strategies, contextual chunks, atomic facts,
whole documents, and retrieval methods. We
evaluate them with span recall and precision,
an Evidence-Fit judge, and pairwise judgments
of answers generated from retrieved evidence.
Contextual 200-word chunks with hybrid re-
trieval provide the strongest practical balance
of evidence coverage, answer quality, and query
cost. Across configurations, downstream scores
correlate strongly with span recall, while span
precision shows little association. These results
favor retrieval designs that first recover com-
plete evidence, then control cost and localiza-
tion.

1 Introduction

Retrieval-Augmented Generation (RAG) grounds
language model outputs in evidence retrieved from
an external corpus (Lewis et al., 2020). Because
the generator can only work with the evidence it
receives, the evidence-retrieval stage sets the ceil-
ing for the whole system, and building it requires
two largely independent decisions. The first is
what units the system ranks, such as fixed-size
chunks, contextualized chunks, atomic proposi-
tions, or whole documents. Fixed-length embed-
dings lose semantic information as input length
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grows (Luan et al., 2021), so smaller units reduce
compression loss but can strip necessary context
or split evidence across boundaries (Gtlinther et al.,
2025; Chen et al., 2024b). The second is how the
system scores the units, by lexical term overlap, by
similarity in a learned embedding space (Karpukhin
et al., 2020), or by a fusion of the two, optionally
re-scoring the top candidates with a more accurate
but costlier second stage (Nogueira and Cho, 2020).
A practical system must fix both decisions at once.

Existing findings on retrieval units and methods
come mainly from English or general-domain cor-
pora, and even there, different tasks and corpora
favor different setups (Bhat et al., 2025). Thai adds
its own complications. It is written without word
delimiters, and English-centric tokenizers inflate
token counts, which makes fixed-size segmenta-
tion less reliable (Petrov et al., 2023). This raises
the practical question of whether techniques devel-
oped largely around English text, such as sentence-
aligned boundaries, chunk overlap, contextualized
chunks, and proposition extraction, transfer to a
Thai legal corpus with different linguistic and struc-
tural properties.

Recent work has begun to fill this gap for legal
documents. NitiBench demonstrated that segmenta-
tion choices substantially affect RAG performance
on Thai statutes (Akarajaradwong et al., 2025). Sim-
ilarly, Li et al. (2023) decomposed long legal cases
into Facts, Court Reasoning, and Final Decision
sections to structure case retrieval. However, evi-
dence retrieval over Thailand’s Royal Gazette has
not been studied in depth. The Gazette is the state’s
official publication of record for legislation, regula-
tions, agency notifications, and court orders, span-
ning the breadth of Thai legal and administrative
decisions. Each notice type has its own structure,
which creates distinct evidence-retrieval challenges.

This paper systematically evaluates how retrieval-
unit construction affects evidence retrieval over
Thai Royal Gazette documents. We compare multi-
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ple strategies using a synthetic question—evidence
dataset constructed from the target corpus. Our
contributions include: (1) a comparison of chunk-
ing strategies for Thai Royal Gazette retrieval, (2) a
dataset covering single- and multi-hop questions,’
and (3) empirical recommendations for configuring
evidence retrieval over Thai Royal Gazette docu-
ments.

2 Related Work

Methods for Evidence Retrieval Early evidence-
retrieval systems used lexical matching, and BM25
remains a strong baseline for scoring weighted
term overlap over an inverted index (Robertson and
Zaragoza, 2009). However, lexical methods strug-
gle when relevant passages express the same mean-
ing using different terms. Dense retrieval addresses
this problem by encoding the query and passage
into dense vectors and comparing their similarity
(Karpukhin et al., 2020). Dense and sparse methods
can also be combined in a hybrid approach (Luan
et al., 2021).

Two other families trade cost for accuracy. A
reranker evaluates the top candidates from a cheaper
first stage using a more accurate model that is too
expensive to run on the entire corpus (Nogueira and
Cho, 2020). Multivector methods such as ColBERT
(Khattab and Zaharia, 2020) represent each query
and passage as a set of per-token contextualized
embeddings instead of a single pooled vector. Rele-
vance is computed by comparing every query-token
embedding against all passage-token embeddings,
taking the maximum similarity for each query to-
ken, and summing these over the query.

Units for Evidence Retrieval in RAG Orthogo-
nal to the retrieval method is the choice of retrieval
unit. Because evidence retrieval matches a query
to passages with similar semantic content, chunk
size and construction can affect performance. Em-
pirical work shows that no single chunk size is op-
timal across tasks, corpora, and embedding models
(Bhat et al., 2025). Boundary placement also mat-
ters. Fixed-length windows can split sentences or
separate related context, whereas sentence-aware
chunking preserves linguistic units and can improve
evidence-retrieval quality. Overlap between adja-
cent chunks can further reduce boundary loss by

"The dataset is released at
huggingface.co/datasets/VISAI-AI/
thai-gazette-evidence-retrieval under CC BY
4.0. The hosting account is anonymized for review.

https://

placing content near a split in more than one re-
trieval unit (Stdbler et al., 2025).

Other approaches change the representation of
the retrieval unit itself. Chen et al. (2024b) em-
bed atomic propositions that are rewritten to be in-
terpretable and unambiguous without surrounding
context, making each unit more directly matchable
to a query. Anthropic (2024) instead prepends con-
textual summaries to chunks so that otherwise miss-
ing document-level information remains available
for the embedding. These methods can improve
evidence retrieval in specific settings but add pre-
processing costs. Existing work therefore shows
that retrieval-unit design is consequential but task-
dependent. However, these findings come mainly
from English-language or general-domain datasets,
so their applicability to Thai legal documents re-
mains unclear.

Synthetic Data for Evidence Retrieval Evaluat-
ing evidence retrieval requires queries paired with
their relevant passages, but manual annotation is
costly. Large language models can generate syn-
thetic questions from a corpus and ground them in
known evidence (Liu et al., 2025).

This approach is scalable but introduces several
issues. LLM-generated questions often exhibit lim-
ited linguistic and semantic diversity, converging
on similar formulations even across models (Jiang
et al., 2025). Individual items may also contain
insufficient supporting evidence or purported multi-
hop reasoning that does not actually require all des-
ignated passages. At the dataset level, synthetic
queries may poorly approximate the intent and ter-
minology distribution of real users (Zhang et al.,
2026). Because of these limitations, generated
items should be filtered, combining model-based
checks for factors such as answerability from ev-
idence with manual auditing of a sample (Zhang
et al., 2026).

3 Methodology

3.1 Evidence-Retrieval Task

This work studies the evidence retrieval task: given
a question ¢ and a fixed corpus D, a system ranks
retrieval units drawn from D. Each unit is asso-
ciated with a source document and a span in that
document’s text.

For each question, the dataset provides a set of
gold character spans containing the evidence re-
quired to answer the question denoted by G, =
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Figure 1: Dataset generation pipeline. Preprocessing cleans, OCR-repairs, and entity-tags each document, after
which single-hop and multi-hop authoring produce candidate items. Every item must pass structural validation and

then semantic quality review before it enters the dataset.

{(d;, si, €;) }, where d; identifies the source docu-
ment and s; and e; are the start and end character
offsets of the span within it. A system receives only
q and the corpus and returns the top-k ranked units,
which are mapped to their source-document spans
and evaluated by how completely and precisely they
recover G .

To support this evaluation, we construct a Thai
question-evidence dataset in which every question
is paired with verbatim gold spans in one or more
Royal Gazette documents. Because gold evidence is
annotated in document character coordinates rather
than as strategy-specific unit identifiers, we can
compare different retrieval-unit constructions and
retrieval methods against the same ground truth.
Appendix B.4 shows one complete item of each
question type.

3.2 Corpus

Thailand’s Royal Gazette is the state’s official
publication of record for legislation, regulations,
agency notifications, and court orders. We use the
machine-readable release by Open Law Data Thai-
land (2025). We remove processing failures and
length outliers, and cap formulaic notices, yielding
110,733 source documents?,

Because subsequent stages of the data-generation
pipeline depend on exact character matching, we
then apply a constrained LLM pass instructed to
repair OCR errors and noise without changing con-
tent. Its output is the canonical text used for author-
ing and evaluation (Appendix A.2).

*More details on the dataset construction and examples are
in Appendix A

3.3 Dataset Construction

Our comparison requires evidence annotations that
stay invariant across retrieval-unit constructions, so
we author questions from source documents and
annotate their support as document-level character
spans (§3.1). Authoring from known evidence pro-
duces these annotations at the scale and document
diversity the comparison needs, which manual an-
notation could not reach under our budget. Because
synthetic generation introduces the failure modes
discussed in §2, generated data passes the validation
pipeline in Figure 1.

Single-hop authoring We use Notice-Type Rout-
ing to assign each document to one of 24 Gazette
notice types (Appendix B.1) and apply a prompt
tailored to the information most salient to that type.
Compared with a single generic prompt, which
tended to produce similar questions across docu-
ments, type-specific prompts encourage coverage of
the attributes that distinguish each notice type (Dai
et al., 2022). A Question-Worthiness check then
screens for a specific, non-trivial fact. Finally, an
LLM writes one Thai question and cites one verba-
tim evidence span.

Multi-hop authoring An LLM entity-extraction
pass over the corpus normalizes surface variants to
a canonical form. Following Welbl et al. (2018),
Entity-Based Joining then pairs documents that
share one normalized bridge entity, restricted to
rare entities that appear in two to eight documents.
The bridge must be a principal subject of at least
one paired document rather than an incidental men-
tion, and the ranking prefers bridges central to both.
Then, a Join-Relevance check screens whether the
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pair is related enough to support a multi-hop ques-
tion. Following the bridge-entity design of Yang
et al. (2018), an LLM finally writes one guestion
that combines a distinct fact from each document
and cites verbatim evidence spans from every doc-
ument used.

Validation We validate with defense-in-depth, as
no single check catches every failure mode. Struc-
tural Validation check enforces the required number
of source documents, maximum span length, and
that the selected gold evidence passage exists ver-
batim in the text. Separate LLM judges then rate
four semantic properties, applying large language
models as reference-free evaluators in the manner
of Liu et al. (2023). StaANDALONE asks whether
the question can be understood on its own, with-
out unstated authoring context and without deictic
references. EviDENCE-FIT asks whether the cited
span actually supports the stated answer. REALISTIC
asks whether a person would plausibly ask this ques-
tion of this document. TrRUE Murti-Hop, applied
only to multi-hop items, asks whether every cited
document is necessary, separating genuine bridge
reasoning from questions one document already
answers. During development, we iteratively spot-
checked judge ratings against human assessments
on small purposive samples and adjusted prompts
or models when systematic disagreements appeared.
As a final check on the pipeline, we also manually
reviewed a sample, following the recommendation
of Zhang et al. (2026). An author read 100 items.
95 of the 100 items were judged acceptable. The 5
remaining items contains evidence spans that par-
tially fail to answer the whole question and were
fixed manually.

4 Experimental Setup

4.1 Evaluation Dataset

All configurations use the same dataset from Sec-
tion 3.3, with 2,000 questions (1,500 single-hop,
500 multi-hop) over a 25,000-document corpus
holding every cited evidence document plus ran-
domly sampled Gazette distractors (Appendix B).

4.2 Experimental Design

To evaluate evidence-retrieval performance across
chunking strategies and retrieval models, we or-
ganize the analysis along two dimensions: the
retrieval-unit axis and the retrieval-method axis.

Retrieval-unit axis We first compare fixed-size
chunks of 50, 100, 200, and 400 words segmented
with the dictionary-based newmm tokenizer. We re-
trieve k=16,8,4, and 2 chunks, respectively, so that
each configuration has the same nominal retrieval
budget of 800 words. For the remaining experi-
ments, we use 200-word chunks. The recall gain
from larger chunks tapers at this size (Table 1), and
retrieving £ = 4 units leaves slack to cover both
documents of a multi-hop item, whereas k = 2
must place both of its units correctly.

We also evaluate two boundary heuristics as al-
ternatives to standard 200-word chunks. The first
adds a 50-word overlap between adjacent chunks.
The second uses sentence-aligned chunks, in which
each unit contains as many complete sentences as
possible without exceeding 200 words and bound-
aries fall only at sentence endings. This prevents
sentences from being split across retrieval units.

In addition, we test 200-word contextualized
chunks following Anthropic (2024). We separately
adapt the proposition-based retrieval approach of
Chen et al. (2024b) by prompting an LLM to extract
atomic propositions and retrieving k = 16 propo-
sitions. While this does not exactly match the 800-
word budget of previous experiments, we hypoth-
esize that extracted propositions will be denser in
semantics, making them roughly equivalent in con-
tent to the other conditions. Every budget quoted
here is nominal, because units at document ends are
short, so the text each condition actually delivers
differs.

Retrieval-method axis The reference condition
uses 200-word chunks, BGE-M3 embeddings
(Chen et al., 2024a), dense retrieval, and &k = 4.
Holding the unit fixed, we compare dense retrieval
with BM25 hybrid fusion, hybrid fusion followed by
reranking with Qwen3-Reranker-4B (Zhang et al.,
2025), and BGE-M3 multivector retrieval. We
repeat the dense, hybrid, and reranked compari-
son over contextual and atomic-fact units. Whole-
document units are compared with dense and mul-
tivector retrieval. Embedding ablations replace
BGE-M3 with Voyage-4-Nano (Voyage Al, 2025)
or Qwen3-Embedding-4B.

4.3 Retrieval Implementation

Dense retrieval Document and query vectors are
L2 normalized and searched with an exact FAISS
inner-product index (Douze et al., 2026).
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Hybrid retrieval and reranking Thai is writ-
ten without word delimiters, so BM25 tokenizes
with newmm (Phatthiyaphaibun et al., 2023), the
segmenter that also defines our word units (Ap-
pendix C). We then normalize the dense and sparse
scores and add them for units retrieved by both
methods. Score-based fusion preserves information
about retrieval confidence (Fox and Shaw, 1993;
Lee, 1997), unlike the reciprocal rank fusion of
Cormack et al. (2009), which has been shown to
perform worse (Bruch et al., 2023). Without rerank-
ing, each branch retrieves k units before fusion.
With reranking, each branch retrieves 2k, fusion
retains a 4k pool, and Qwen3-Reranker-4B returns
the final k.

Multivector retrieval Exhaustive token-pair scor-
ing is impractical at corpus scale, so BGE-M3 to-
ken vectors are indexed with PLAID (Santhanam
et al., 2022), which quantizes them against a cen-
troid codebook and prunes candidates on centroid
interaction before any full scoring. We use two-bit
compression, eight probed cells, and at most 8,192
full scores (Appendix D). Chunk-level and whole-
document conditions both return k£ = 4 units.

4.4 Evaluation Metrics

For each question ¢ and document d, let GG, ; denote
the union of all gold character spans in d associated
with ¢, and let R, 4 denote the union of retrieved

character spans in d from q. Let Dgom denote the
set of gold documents for ¢, and let D denote the
full document collection. We merge overlapping
spans within each document before computing their
lengths. For any span set, | - | denotes the total num-
ber of covered characters after merging overlaps.
We then define the gold length g, overlap length

04, and total retrieved length rf;“ as follows:
ggo= Y |Gyal, (1)
deDg™
05 = Y |Gqan Ryal, 2
deDg()ld
r' = | Rl 3)
deD

We define span recall and span precision as fol-
lows:

SpanRec(q) = %, 4)
9a
SpanPrec(q) = %. 5)

q

SpanRec directly measures how well the chunk-
ing strategy recalls evidence. Span precision (Span-
Prec) divides by everything retrieved, distractor doc-
uments included, so it measures how much of the
delivered text is evidence and penalizes retrieving
the wrong documents.

Span overlap does not establish that the retrieved
text suffices to answer a question. We therefore also
report the EvipENce-Fit judge from dataset review
(Section 3.3, Validation), a Likert rating from 1
to 5, applied to a scenario-stratified sample of 100
questions. The same Gemma judge scores the same
question identifiers for every configuration.

Downstream generation To further examine the
effect of different configurations on downstream
generation, we select 200 questions, and a Gemma 4
31B generator answers each question using only the
retrieved text, employing the same concise prompt
and deterministic decoding via zero temperature
and fixed seed. Following the blinded pairwise
protocol of Zheng et al. (2023), a Claude Opus 5
judge receives the question, gold evidence, and two
anonymous answers, then selects either answer or
a tie. We aggregate the pairwise judgments into an
Elo rating for each configuration.

5 Results

The experimental results were presented in Table 1.

5.1 Retrieval units

Larger chunks improve evidence coverage and
judged retrieval quality. Their higher precision
partly reflects shorter delivered text, because docu-
ment boundaries truncate more chunks. Even with
less text, larger chunks preserve related context
during indexing and answer generation. Whole-
document retrieval extends this pattern and achieves
the highest judge score among retrieval units. How-
ever, it is not a controlled chunk-size comparison.
We use k=4, so the system can retrieve evidence
from multiple documents for multi-hop questions.
This choice increases the delivered-text budget, so
its recall and precision are not directly comparable
with the fixed-budget chunk conditions (Table 5).
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(a) Retrieval unit (single-vector dense)

(b) Retrieval method and encoder

Unit SpanRec SpanPrec EvFit Method SpanRec SpanPrec EvFit
Word chunks, fixed 800-word budget Word 200w
50w (k=16) 0.589 0.034 3.59 vector™ 0.765 0.057 3.94
100w (k=8) 0.677 0.045 3.73 hybrid 0.818 0.059 4.30
200w (k=4)" 0.765 0.057 3.94 hybrid + qwen rerank 0.871 0.062 4.33
400w (k=2) 0.785 0.088 4.26 multivector (ColBERT) 0.800 0.057 4.02
Boundary ablations (200w) Contextual 200w
+ overlap-50 0.786 0.060 4.28 vector 0.823 0.062 4.28
+ sentence boundaries 0.752 0.057 4.00 hybrid 0.884 0.066 4.67
hybrid + qwen rerank 0.925 0.067 4.63
Alternative representations Atomic facts (k=16
contextual (200w) 0.823 0.062 4.28 vector 0.647 0.068 4.25
atomic facts (k=16)* 0.647 0.068 4.25 hybrid 0.633 0.067 3.95
whole document (k=4) 0.863 0.043 4.44 hybrid + qwen rerank 0.694 0.072 4.17
Whole document (k=4)
dense 0.863 0.043 4.44
multivector (ColBERT) 0.901 0.045 4.51
Encoder ablations (word 200w, vector)
voyage-4-nano 0.805 0.060 4.27
qwen3-4b 0.756 0.056 3.89

Table 1: Evidence-retrieval quality by unit and method, all with BGE-M3 unless noted. Higher is better. EvFit
is the EvipENCE-FIT rating from 1 to 5 (§3.3) on one stratified 100-question sample. *Shared 200-word dense
reference in both panels. Delivered text differs by row, so span metrics rank methods within a unit rather than
across units (Table 5). *Atomic-fact span metrics use the short cited spans, which inflates SpanPrec and caps
SpanRec (Appendix C); these rows are therefore excluded from the span-metric highlighting. Bold marks the best
and underline the second-best value in each column within a panel.

Boundary modifications did not consistently im-
prove on ordinary 200-word chunks. Adding
a 50-word overlap raised span recall slightly and
the judge score more clearly. Aligning chunks to
sentence boundaries instead lowered recall and left
the judge score unchanged within noise. Overlap
repairs some evidence split across adjacent chunks,
which accounts for the small gain it produces, while
sentence alignment with this corpus gives up con-
trol of the word budget without buying anything
back.

Contextualized chunks improve performance at
additional preprocessing cost. 3 Prepending a
short document-level summary to each 200-word
passage increased span recall, span precision, and
the judge score. The summary gives the encoder
document-level context for passages that otherwise
resemble unattributed statutory text. Because only
the original passage is scored by the judge and span
metrics (Appendix C), the gains reflect better re-
trieval rather than added answer context.

3Contextual units require one full LLM pass over the corpus
before indexing. This cost scales with corpus size but does not
recur at query time.

Atomic propositions trade evidence coverage for
compactness. Decomposing each document into
standalone facts gives the highest span precision
and the lowest span recall among the alternative
representations, below the ordinary 200-word refer-
ence. Part of this precision advantage is definitional
rather than substantive (§6, Appendix C). Proposi-
tions match contextual chunks on the judge score
while delivering about three quarters as much text
(Table 5). They also achieve the highest multi-hop
judge score among single-vector units (Table 2).
This decomposition isolates answer-bearing state-
ments but removes surrounding text that helps read-
ers verify them.

5.2 Retrieval methods

Hybrid retrieval improves performance for word
and contextual units but lowers it for atomic
propositions. The likely reason is that lexical
matching operates on surface forms, and propo-
sitions are LLM-written restatements in which the
original strings a BM25 index would match no
longer appear. Qwen reranking added a further 0.04
to 0.06 SpanRec to each of the three representations,
giving contextual chunks the highest SpanRec we
measured. Because the reranking gain holds across
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representations, it transfers from one unit to another,
and the two axes can be tuned separately. Rerank-
ing costs two to three orders of magnitude more
query time than the fusion step it reranks (Table 7).

Encoder and multivector changes produced
small gains. On 200-word chunks, Voyage-4-
Nano and BGE-M3 multivector retrieval increased
SpanRec, while Qwen3-Embedding-4B did not im-
prove over the baseline (Appendix E.2). Multivec-
tor retrieval produced similar SpanRec gains for
chunks and whole documents. Thus, late interac-
tion did not especially benefit longer units. Ev-
Fit improved significantly only for Voyage-4-Nano.
However, multivector retrieval increased query time
by about two orders of magnitude (Table 7).

5.3 Multi-hop behavior

Table 2 splits every condition into its single-hop and
multi-hop questions. Multi-hop retrieval is a harder
task because it must recover evidence for both hops.
Therefore, EvFit is lower for every configuration,
and multi-hop span recall trails single-hop in all
19 conditions. Multi-hop span precision exceeds
single-hop in every row, because a multi-hop ques-
tion carries more gold evidence, so a fixed 800-word
budget lands a larger share of its text inside gold
documents.

Method changes narrow the multi-hop deficit.
On ordinary 200-word chunks, multi-hop span re-
call trails single-hop by 0.050 under dense retrieval.
The deficit narrows under hybrid, reranked, and
multivector retrieval, and it nearly closes under
Voyage-4-Nano. A single dense query vector av-
erages toward one of the two documents a multi-
hop item needs, whereas lexical and late-interaction
signals can recover the second on a rare name or
identifier.

5.4 Downstream answer quality

Contextual 200-word hybrid retrieval leads the
downstream ranking. It is ordered above its
Qwen-reranked variant, reranked atomic proposi-
tions, and document multivector retrieval, but all
four fall within 0.03 match score of each other. Ties
account for 62.2% of all pairwise comparisons, and
the two contextual hybrid variants draw eight of
their ten head-to-head games. Whole-document
systems also rank highly.

Downstream answer quality tracks evidence
coverage more closely than retrieval precision.

Across 19 configurations, downstream scores cor-
related with SpanRec at Spearman p = 0.688
and with SpanPrec at 0.293. Contextual chunks,
whole documents, and hybrid methods ranked high-
est downstream. Atomic facts achieved the high-
est span precision and placed 3rd, 11th, and 13th,
so precision-heavy units are not penalized down-
stream, but coverage separates the ranking more
reliably.

The downstream spread is narrow. Retrieval-
unit choice moves retrieval quality far more than it
moves answer quality. Span recall spans nearly 0.3
across our configurations, while downstream match
scores stay clustered near even, from 0.340 to 0.579.
Ties account for 62.2% of pairwise comparisons,
so the judge rarely separates two configurations at
all.

6 Discussion

Measuring span-level grounding across retrieval
units is an open problem. When the unit type
and final retrieval depth are fixed, each method is
scored against the same gold spans over the same
candidate units. Differences therefore reflect the re-
trieval method. Across unit types, however, scores
also depend on how each unit partitions and delivers
the source text.

Unit-level rank metrics require each gold span
to be mapped to every overlapping retrieval unit.
This mapping changes with the unit construction. A
coarse unit may contain a complete gold span, while
a fine unit divides the same span across several
units. Binary relevance treats partial and complete
overlap alike, so rank scores can change even when
the retrieved evidence is similar. We therefore use
span metrics instead of unit-level rank metrics.

Span metrics score character overlap against
fixed gold offsets and avoid this mapping. How-
ever, the retrieval unit still affects these metrics.
Coarse units are truncated at document boundaries
more often, which can reduce delivered text and
raise SpanPrec. Atomic propositions also do not
tile the source text, which limits their attainable
SpanRec.

We compare retrieval units through blinded pair-
wise comparisons of generated answers. The judge
sees answers rather than retrieval units, so retrieval-
unit boundaries do not affect this comparison di-
rectly. As an alternative that does not require answer
generation, pointwise judgments of retrieved evi-
dence also tracked the downstream ranking at lower
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(a) Retrieval unit (single-vector dense)

(b) Retrieval method and encoder

SpanRec SpanPrec EvFit SpanRec SpanPrec EvFit
Unit SH MH SH MH SH MH Method SH MH SH MH SH MH
Word chunks, fixed 800-word budget Word 200w
50w (k=16) 0.593 0.578 0.026 0.060 3.81 2.92 vector™ 0.777 0.727 0.042 0.099 4.25 3.00
100w (k=8) 0.680 0.669 0.033 0.082 4.08 2.68 hybrid 0.824 0.801 0.043 0.105 4.44 3.88
200w (k=4)* 0.777 0.727 0.042 0.099 4.25 3.00 hybrid + qwen rerank ~ 0.875 0.857 0.045 0.113 4.48 3.88
400w (k=2) 0.817 0.689 0.068 0.148 4.56 3.36 multivector (ColBERT) 0.809 0.774 0.042 0.102 4.21 3.44
Boundary ablations (200w) Contextual 200w
+ overlap-50 0.800 0.745 0.045 0.105 4.63 3.24 vector 0.842 0.768 0.046 0.109 4.56 3.44
+ sentence boundaries  0.762 0.722 0.043 0.101 4.29 3.12 hybrid 0.893 0.855 0.048 0.118 4.89 4.00
Alternative representations hybrid + qwen rerank ~ 0.936 0.891 0.049 0.119 4.83 4.04
contextual (200w) 0.842 0.768 0.046 0.109 4.56 3.44  Atomic facts (k=16)*
atomic facts (k=16)¥  0.675 0.564 0.052 0.114 4.41 3.76 vector 0.675 0.564 0.052 0.114 4.41 3.76
whole document (k=4) 0.880 0.814 0.031 0.078 4.68 3.72 hybrid 0.654 0.571 0.051 0.115 4.09 3.52
hybrid + qwen rerank ~ 0.720 0.614 0.055 0.125 4.31 3.76
Whole document (k=4)
dense 0.880 0.814 0.031 0.078 4.68 3.72
multivector (ColBERT) 0.919 0.849 0.033 0.082 4.73 3.84
Encoder ablations (word 200w, vector)
voyage-4-nano 0.805 0.804 0.044 0.109 4.43 3.80
qwen3-4b 0.767 0.724 0.042 0.097 4.12 3.20

Table 2: Single-hop (SH) and multi-hop (MH) breakdown of Table 1, with the same panels, groups, and row
labels. Span metrics use all 2,000 questions, 1,500 single-hop and 500 multi-hop. EvFit rests on 75 single-hop and
25 multi-hop ratings, so the MH column is indicative rather than precise. Bold and underline mark the best and
second-best value per column within a panel, with the ¥ span-metric exclusion of Table 1.

Rank Configuration Elo Score
1 contextual 200w hybrid 1553.6  .579
2 contextual 200w hybrid + Qwen 1545.0 .564
3 atomic hybrid + Qwen 1539.8 .560
4 document multivector 1537.0 555
5 document dense 1529.3 542
6 word 200w hybrid 15183 .529
7 word 200w Voyage embed 15142 518
8 word 200w multivector 15104 513
9 word 200w overlap dense 1509.8 513

10 word 200w hybrid + Qwen 1503.3 .505
11 atomic dense 1502.7 505
12 contextual 200w dense 1500.4  .500
13 atomic hybrid 14972 497
14 sentence 200w dense 1496.3 495
15  word 400w dense 1489.4 484
16 word 200w dense 1472.1 458
17 word 200w Qwen3 embed 14519 429
18 word 100w dense 1442.0 413
19  word 50w dense 1387.5 .340

Table 3: Downstream ranking of all 19 configurations
over 200 stratified questions, 189 to 190 games each.
Claude Opus 5 judges every non-identical answer pair,
and byte-identical answers are scored as ties without a
model call. Score assigns one point to a win and one
half to a tie.

cost, with a rank correlation of 0.774. Howvever,
both evaluations remain exposed to LLM judge
bias.

Coverage should take priority over precision.
The correlation pattern suggests that a large-context
reader tolerates irrelevant retrieved text but cannot
recover evidence that retrieval omits. Retrieval de-
sign should therefore prioritize coverage until the
text budget binds, rather than trim distractors. The

narrow downstream spread partly reflects a dataset
whose questions are often answerable from partial
evidence, and partly a generator robust to imperfect
context. The practical reading is that the difference
between a reasonable configuration and the best
tested one is modest, so the first-order decision is
to avoid the clearly poor designs rather than to tune
the last few points of recall.

Practical recommendation. Among the tested
configurations, contextual 200-word chunks with
hybrid retrieval give the strongest practical trade-
off between evidence coverage, downstream per-
formance, and query latency. When contextual
preprocessing is unavailable, hybrid retrieval over
ordinary 200-word chunks is the strongest tested
low-cost alternative.

7 Conclusion

Retrieval-unit design and retrieval method act on
Thai legal RAG through one shared channel, which
is how much of the gold evidence reaches the gen-
erator. Units that preserve document context and
methods that recover rare lexical forms both widen
that channel, and downstream answer quality fol-
lows it rather than the precision of the retrieved text.
Precision is also the quantity most sensitive to how
a unit is shaped, so it separates systems reliably
only when the unit is held fixed. Any study com-
paring chunking strategies across units inherits that
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difficulty, and a unit-agnostic measure of whether
retrieved text grounds an answer would remove it.
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Limitations

Corpus All results come from one Thai legal col-
lection, so configuration rankings may not transfer
to other jurisdictions, languages, or document gen-
res. Its canonical text is LLM-repaired OCR output,
and because Thai has no word delimiters, chunk
boundaries, retrieval budgets, and BM25 terms all
depend on a dictionary-based segmenter. The 800-
word budget is nominal both across languages and
within our own conditions, where 400-word chunks
deliver 484 words per question against 767 for 50-
word chunks (Table 5).

Synthetic queries The dataset supports con-
trolled comparison over questions grounded in
Gazette documents, but it does not reproduce the
distribution of real user queries. Questions and
gold spans are LLM-authored and LLM-filtered,
not written by legal professionals. An author read
100 items and judged 95 acceptable, and in the five
remaining items the cited span only partly answers
the question. That single non-expert audit roughly
estimates item-level error.

Cross-unit comparability Gold evidence stays
fixed across retrieval units, so span metrics rank
methods comparably within a unit. Across units
the delivered text differs, atomic-fact and whole-
document conditions are not budget matched, and
atomic units depend on LLM extraction and span
alignment. Their cited spans do not tile the docu-
ment and cover 92.5% of the gold characters, cap-
ping atomic SpanRec at 0.925. We therefore read
span metrics within comparable unit families and
use downstream answer evaluation across them
(Section 6).

Model dependence EvFit rests on one stratified
100-question sample, 25 items of it multi-hop,
scored by a single Gemma judge, and its intervals re-
solve ten of our eighteen contrasts (Appendix E.2),

so we treat it as descriptive throughout. Down-
stream evaluation uses 200 questions, one genera-
tor, and one pairwise judge from a different model
family, which avoids self-preference toward the gen-
erator’s own outputs. We did not validate that judge
against human pairwise preferences. Ties are 62.2%
of the 1,800 comparisons, and 563 of them are
byte-identical answers recorded without a judge
call. Contextual hybrid retrieval and its reranked
variant record 1 win, 1 loss, and 8 ties against each
other (Appendix E.3).
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A Corpus Construction

A.1 Corpus Selection and Filtering

The builder pins revi-
sion 25572e1e18f20elaa3e4
2e3bal1059ecbc0176f6a of the source dataset. It
merges OCR and metadata rows by PDF filename
and applies the following operations in order.

1. Text recovery. Prefer the formatted OCR out-
put. Ifitis absent, concatenate valid page-level
raw or Markdown outputs.

2. Artifact removal. Discard text containing one
of the upstream processing-error markers en-
coded in the corpus builder.

3. Script filter. Discard documents whose ratio
of ASCII characters to all characters is at least
0.30.

corpus

4. Length filter. Retain documents containing
500 through 8,000 characters, inclusive.

5. Class cap. Identify bankruptcy, incapacity,
and receivership material with a regular ex-
pression and retain at most 10,000 matching
documents.

6. Shuffle. Shuffle the retained rows with pseu-
dorandom seed 42.

These operations yield 110,733 documents. All

steps are deterministic and use no model.

A.2 OCR Repair and Prompt

OCR repair runs Gemma 4 31B. Each request asks
the model to repair only recognition errors within
words, including displaced marks, confusable con-
sonants, broken words, and stray characters. The
prompt prohibits deletion, paraphrase, numeral
changes, reordering, and layout changes, and in-
structs the model to preserve uncertain tokens. Re-
quests use temperature O on the first attempt, permit
two retries, and increase temperature to 0.3 only
after a failed attempt.

The system prompt states the repair categories
and the fidelity constraints.

You are an expert proofreader of OCR output
from Thai Royal Gazette (sh2afia’arutunmn) legal
announcements. Your job is to repair OCR
recognition errors so the text reads as the
original document.

Work word by word. Fix only the characters that
OCR mis-recognized inside each word:
— Misplaced or missing vowel marks (asg) and

tone marks (3ﬁﬁmqnﬁ).

— Visually similar consonants swapped (e.g.
Aa/a, w/u, W/W, u/#d).

- Broken or merged words and stray ASCII
characters inside Thai words.

- Wrong month names and obviously corrupted
official terms (s zfia’utunsl, wsesizduds,
yafdls, ).

Hard constraints:

— Preserve EVERY word and clause. The corrected
text must contain the same words in the same
order as the input - never delete, shorten,
merge, reorder, or summarize a phrase, and
never replace a word with a synonym. You repair
spelling, not wording.

- A garbled word still maps to one corrected
word; do not collapse several words into fewer.
— Keep every numeral in its original script and
value. Do not renumber anything.

— Keep the layout: line breaks, list numbering,
spacing, and any Markdown markers (#, ##)
exactly as they appear.

- If you cannot confidently repair a token by
fixing characters, keep it exactly as-is rather
than guessing or dropping it.

— Output ONLY the corrected text.

The accompanying user prompt.

Correct the OCR errors in this announcement and
return the full corrected text:

{text}
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B Dataset Construction

B.1 Single-Hop Construction

The taxonomy was not fixed in advance. We
prompted Claude Code to inspect the entire source
dataset and identify recurring Royal Gazette notice
forms. Claude Code proposed an initial taxonomy,
which we reviewed and consolidated into the fol-
lowing 24 notice types, in routing order:
1. Bankruptcy discharge
Bankruptcy judgment
Bankruptcy receivership
Incapacity order
Missing-person order
Association registration
Foundation registration
Association or foundation change
Registration revocation
Buddhist temple establishment
. Catholic church recognition
. Condominium registration
. Partnership and company registration list
. Industrial product standard
. Appointment
. Royal decoration or medal
. Local ordinance
. Land-title or replacement-title notice
. Mining concession
. Bank branch opening or relocation
. Electoral district boundary
. Labor union or employers’ association
. Correction
24. Rule or notification
Notice Type Routing uses no model. We wrote
one regular-expression matcher for each notice type.
The router searches up to three heading-like lines
and the first 18 non-empty lines among the first 80
lines of each document. A document can match
more than one type. In that case, the router se-
lects the authoring type deterministically from the
matches using seed 42 and a hash of the document
identifier. The default typed-only queue excludes
documents assigned to the unknown fallback class.
Question-Worthiness Screening, which runs
Gemma 4 31B, and the author both see at most
the first 12,000 characters. Screening retains scores
of 4 or 5. Question & Evidence Generation runs
DeepSeek V4 Flash with a class-specific prompt
followed by shared constraints, temperature 0.4,
a maximum of 1,800 output tokens, and at most
two parsing retries. Structural Validation uses no
model. It requires one non-empty question, exactly
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one selected span, the seed document as its source,
verbatim grounding after boundary repair, and a
maximum span length of 2,500 characters.

B.2 Multi-Hop Construction

Entity Extraction runs Gemma 4 31B at tempera-
ture O over the raw document text and emits five
fields named subject, about, mentioned, ids,
and refs. The discovery index treats about and
ids as primary keys and the remaining entity lists
as secondary keys. It normalizes Thai digits, whites-
pace, surrounding punctuation, and a short list of
honorifics. Keys shorter than four characters are
discarded.

Entity-Based Document Joining uses no model.
An eligible bridge has document frequency from 2
through 8. Pairs for which the bridge is secondary
on both sides are removed. Remaining pairs are
ranked using the inverse document frequency of
their best bridge, multiplied by 0.4 when the bridge
is secondary on one side. The builder rejects same-
issue, same-series, same-page duplicates and pairs
sharing more than five entities. It permits each
document in at most three bundles and caps each
unordered document-category pair at 400 bundles.
Join Relevance Screening runs Gemma 4 31B and
requires a score of 4 or 5 before authoring.

During Question & Evidence Generation, the
author is DeepSeek V4 Flash. It receives at most
10,000 characters per document and selects the min-
imal set of at least two source documents. Struc-
tural Validation uses no model. It restricts selec-
tions to the joined bundle, verifies each span ver-
batim after boundary repair, and applies the same
2,500-character maximum used for single-hop ev-
idence. The TrueE MurLti-Hop check additionally
reads the full selected documents when scoring
whether all cited documents are necessary.

B.3 Quality Review and Export

The judges are the semantic layer of the defense-
in-depth described in §3.3. Structural validation
can only confirm that a span is present and that the
counts are right, so each remaining failure mode
gets one judge.

StaANDALONE Can the question be understood with-
out seeing an unstated document, and does it
name the entities and context needed to iden-
tify its target? This rejects deictic questions
such as “this notice” whose meaning depends
on hidden authoring context.
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EvibeNnce-FiT Does the cited span support the
stated answer? A verbatim span can be quoted
correctly and still fail to license the answer,
which would credit a retriever for finding text
that does not settle the question.

ReavLisTic Would a person plausibly ask this? The
check reads the source excerpts as well, be-
cause a question can sound natural while rest-
ing on arole or a year that OCR noise invented.

True MuLti-Hor Is every cited document neces-
sary? This separates genuine bridge reasoning
from items that one document already answers
and that would otherwise inflate multi-hop dif-
ficulty.

Two screening stages also run before authoring
and reject documents or bundles that offer nothing
question-worthy, which keeps the authoring model
from manufacturing questions out of thin material.
The judge and screening prompts appear verbatim
in Appendix B.5.3.

Default automated acceptance requires every ap-
plicable LLM-as-Judge check to return 4 or 5. The
current calibrated routing assigns STANDALONE,
Evipence-Frit, and TrRue MuLti-Hop, together with
both screening stages, to Gemma 4 31B. The REAL-
1stic check uses DeepSeek V4 Flash. The released
provenance reflects the versioned construction pro-
cess. All 1,500 single-hop items and 172 multi-hop
items were judged with DeepSeek V4 Flash, while
the 328 later multi-hop additions used the criterion-
specific routing. Those additions also require a
content-hash-bound manual approval. A manual
override of an automated rejection is accepted only
when the audit explicitly records the override and a
non-empty justification.

At export, the implementation reruns the
character-exact span check, derives the scenario
label from the number of selected documents, and
assigns a stable question identifier from the im-
mutable generation seed. The Evidence-Retrieval
Corpus includes every relevant document and adds
distractors sampled with seed 42 until it reaches
25,000 documents. A distractor is ineligible when
repetition removal would shrink its OCR text by
more than 50%. The emitted Dataset contains
2,000 questions, with 1,500 single-hop and 500
multi-hop items.

gid g7ddcdb65410c
question_type single_source

Question:
w8877 ASdaalasuuaeaelnsisesiunuauiananiani i |

wnwﬁuﬁwﬁﬁgu%wawﬁmwuﬁquéiuﬂm

[From what date was Mr. Suwukit Sripit
appointed President of the

University Council of Rajabhat Maha Sarakham
University?]

Gold evidence: doc 2025-09-12-00081794.pdf,
chars [1233, 1373)
Fvfinszususizlavnisidsainarldsanssnaaaunaynn |

afINa1 2 IRAIS IS 1UnUN

UTLNANIURI INLIR LS 1BAQURIRISANY FoumSud o Auoqeu
w&oG

[There is accordingly a Royal Command
appointing the said person as

President of the University Council of Rajabhat
Maha Sarakham University,

effective from 6 September B.E. 2568 (2025).]

Figure 2: A released single-source item.

B.4 Dataset Examples

Figures 2 and 3 show one released item of each
question type, reproduced verbatim with English
translations added in brackets. Character offsets
are half-open intervals into the OCR text of the
cited source document. The multi-source item fol-
lows the two-stage bankruptcy pattern, in which the
receivership order and the bankruptcy judgment ap-
pear in separate notices, so neither document alone
answers the question. Person and company names
appear as the OCR produced them.

B.5 Prompt Templates

B.5.1 Single-Hop Authoring

Notice type routing is a deterministic regular-
expression cascade and uses no model, so it has

no prompt. Question-Worthiness Screening scores
a candidate seed document.

You rate ONE Royal Gazette document as a
candidate for a single-hop retrieval dataset.

Question: does this document contain at least
one clean, specific, realistic Gazette fact,
rule,

status, event, duty, fee, penalty, appointment,
registration, cancellation, effective date, or
legal effect that could support ONE useful
single-hop question with ONE gold evidence
span?

Be selective. A good document has a non-trivial
thing a real user might search the Gazette to
verify, and enough clean text to quote as
evidence.

Reject or score low when the document is
mostly:

- boilerplate or administrative filler;

- a bulk roster/list where only arbitrary rows
can be asked about;

- signer/registrar/case-number/Gazette-volume
trivia;

— OCR-garbled text;

- title-only value where the answer is obvious
without reading the document;
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gid g507aad40lbafb
question_type multi_source

Question:

ﬁwqﬁuéuuﬁwﬁm ﬁﬁﬁé LUALAaS ABRNNELanLA ST
a.omen/wE ow
AvraauaratunaINiA1&wRiinEnSwe LAnzam LiaSula
wasfwins1 1 Liuyanaauazaoifiafuln

[In red case number L.3213/2567, on what date
did the Central Bankruptcy

Court order absolute receivership of Phisit
Bester Limited Partnership,

and on what date did it adjudge it bankrupt?]

Gold evidence 1: doc 2024-011569.pdf, chars
[199, 293)

Aaledddvavsiufl oo QU HU w&oo TARTNENSWE a9
ﬁwqﬁuéauﬁwﬁm ﬁﬁﬂj LUA LA

[The court issued an order dated 17 June B.E.
2567 (2024) placing the

assets of Phisit Bester Limited Partnership
under receivership.]

Gold evidence 2: doc 2025-01-22-00056384.pdf,
chars [156, 316

Araauaratuna1vlaRANINEATH ﬁwqﬁuéauﬁwﬁm ﬁﬁmé
tuaitmas gnuilfl o wreRduy funs gnuid
Lﬂuummaéuaxaﬁuuga FaumFufl wo woAIn au mavw

[The Central Bankruptcy Court has adjudged
Phisit Bester Limited

Partnership, debtor no. 1, and Mr. Phisit Chan,
debtor no. 2, bankrupt,

effective from 26 November B.E. 2567 (2024).]

Figure 3: A released multi-source item.

- private minutiae unlikely to be useful for
legal, administrative, journalistic, civic, or
compliance use.

Rate from 1 to 5:
5 = strong single-hop seed; likely to support a
realistic clean question and evidence span

4 = good seed; worth authoring

3 = borderline; maybe useful but weak/noisy
2 = probably too weak or trivial

1 = bad seed; no realistic clean single-hop
question

Think briefly, then output ONLY the single
rating digit (1-5) on the last line, nothing
else.

Every typed authoring prompt is followed by one
shared block of constraints, given once here and
appended verbatim to all 25 of them.

RULES (apply to every typed single-hop prompt) :

— STANDALONE: name every body, person, place,

year, law, product, case, or organization the
question needs. Never say "this notice /

dsenaadl / aduldl / tanansil / denana" — the
asker has not seen the Gazette document.
- SELECTED PATTERN ONLY: write the question for
the TASK above. If the document does not
support
that selected pattern with clean evidence,
skip instead of switching to another pattern.
— GOLD EVIDENCE: select exactly ONE
“evidence_span’, copied VERBATIM from the
document: exact
words, spaces, punctuation, and line breaks.
Use a short clean paragraph/table row when
possible.
— QUESTION-EVIDENCE FIT: the evidence span must
directly address the question. It must contain
the key named entity, status/event/rule,
date/number/outcome needed to answer.
- REALISTIC: avoid signer, registrar,
docket—-number-only, serial-number-only, Gazette

volume/page/date trivia, list-position
trivia, "what is this notice about", and
questions whose
answer 1s already leaked in the question.
— SOURCE NAMING: do not use
"mrudseniAlusiafia’atuiunel" as the source
identifier. Name the
actual law, notice, body, organization,
person, product, place, or program instead.
— VOICE: natural typed Thai, not legalese.
Arabic numerals are fine.
- Skip weak material: if the best available
evidence is too thin, too long, too generic, or
too
OCR-garbled, set “skip® to true and leave
“question’ and “selected’ empty.
- Do not write an answer. The dataset uses the
question and gold evidence span, not answer
authoring.

Reply with ONE VALID JSON OBJECT ONLY. No
prose, no markdown, no code fence.

Always include exactly these keys: 'skip’,
‘reason', ‘question’, ‘selected’.
‘selected’ must always be an array.

Good output when keeping:

{"skip":false,"reason":"","question":"ﬁwnwunWJ
ﬁwiﬂu","selected":[{"doc_id":"20127000001.pdfj
","evidence_span":"ﬁaﬂawumﬁnﬂwuuuuﬁmaanmﬁq")]}

Good output when skipping:
{"skip":true,"reason":"LanaWﬁiuiaq%U§ﬂuuuﬁﬁn1J
uﬁtﬁanWﬁauuﬁnﬁwuaxawm","question":"","selectej
da":[1}

There is one typed prompt per notice class. The
24 substantive classes are the taxonomy of Ap-
pendix B.1, and unknown .md serves documents the
cascade does not classify, which the default typed-
only queue excludes. The prompts share a fixed
skeleton and differ only in two places, namely the
one-sentence statement of what the class records
and the list of salient facts a question about that
class should target. A bankruptcy judgment lists
the debtor, the court, the case number, and the judg-
ment date, while a decoration lists the recipient,
the class of decoration, and the occasion. We re-
produce three prompts spanning the range of class
complexity and release the remaining 22 with the
code and data.

Bankruptcy judgment A high-frequency formu-
laic class with stable field structure.

You write ONE natural Thai question with gold
evidence for a Royal Gazette (s #fi’’uiunsn)
search dataset, using the single document
below.

DOCUMENT (doc_id: [[SEED_ID]]):

nun

[ [SEED_TEXT] ]

TASK — ask about a court judgment declaring a
debtor bankrupt. Identify the debtor by NAME.
Use the case number only as supporting context,
not as the main thing being asked.

Good question shapes:
- "Aradnwinelvuana/usEn X

tluypmaauazatussun Sula"
- "luafinugiazunay X

ANAfARNINE LA EIdUgnUuitsala"
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- "uaanig iiuTannfunavgnuilsielauatafinineinau |
azara"

Evidence should include the debtor name and the
bankruptcy judgment result. Include the
effective

date or case number only when it appears in the
same clean span.

Example question shape:
"ArRAUREATENAINANINEITRU T BA N 8

sraurviiuynnaauararusaun Sula"

Skip if the span is just a title line saying
"EaAiwne1lvanarate" without debtor/result
details.

Appointment A person-centred class where the
salient fact is a name-to-role transition.

You write ONE natural Thai question with gold
evidence for a Royal Gazette (s1afia’aiyiunsn)
search dataset, using the single document
below.

DOCUMENT (doc_id:

nnn

[[SEED_ID]]):

[ [SEED_TEXT] ]

TASK — ask about an appointment to an official
position. Ask about the appointed person,
position,

replacement, or effective date.

Good question shapes:

- "yama X THSUUA IF T AR 1 5 9B undela "

- "laldsuused e iiudunie X"

- "n1$udﬁ§ﬁuﬁma X AFSsvdunidy X Hwadeus Jula"

Evidence should include the person name,
appointed position, and effective date if
asked. Prefer

compact paragraphs or clean list rows.

Do not select a span that only says
"uﬂmaﬁqnéwa" without the appointed person's
name.

Example question shape:
"Wasd1333In 153y nuAuinaslasuumvseiilunssunisiiag

15w t3avsaviSausisaaunuias"
Skip bulk appointment lists when the only

possible question is a random row with no
useful retrieval value.

Correction An amendment class that refers to an
earlier notice, which is the single-hop analogue of
the multi-hop correction pattern.

You write ONE natural Thai question with gold
evidence for a Royal Gazette (s12afi’a’aruiunusn)
search dataset, using the single document
below.

DOCUMENT (doc_id:

nnn

[ [SEED_TEXT] ]

[[SEED_ID]]) :

TASK — ask about an official correction notice
(wnA1@m) . Ask what text was corrected from and
to.

Good question shapes:
- "dUsegniaudAleuddanduifuainasls iduasls"
- "AfRundeludsenaadutigady X gnunifuzandiuia”

"sagAaautuniaduunAifinseysianisiunlalnaniels”

Evidence should include both the erroneous text
and the corrected text whenever possible. This
pattern needs direct before/after evidence.

Example gquestion shape:
"ﬁﬁ:nwﬂunﬁwﬂmﬁ:uiwunﬁauuauqﬁuawnﬂamaﬁuimLﬂuﬂaj
CERERYM

Skip if the correction refers to another
document but does not quote the corrected text.

B.5.2 Multi-Hop Authoring

Entity Extraction emits the five fields that populate
the discovery index of Appendix B.2. It runs at
temperature 0 over the raw document text.

You are an entity extraction system for Thai
Royal Gazette (snh#fia’suiunmn) notices. The text
comes from OCR, so it may contain typos or
dropped characters.

Extract only what actually appears in the
document. Never guess or invent. If there is
nothing, use [].

- subject: what this notice does, summarized in
one short sentence.

— about: **the entities this notice is directly
"about"** — the main parties, the ones acted
upon,
or whatever this notice has legal effect on.
E.g. the foundation being registered, the
debtor
placed under receivership, the temple being
established, the person receiving a royal
decoration
or a promotion in rank.
Include both person names (strip honorifics:
ure/u19/u19a13/m5.) and full organization
names.

- mentioned: other entities that are only
mentioned in passing — not what the notice is
about.
E.g. the agency issuing the notice, the
signatory, the creditor bank, the court
hearing the case,
a political party referred to.
If unsure whether something is "about® or
"mentioned’, put it in “mentioned’ .

Important: never put the same entity in both
lists — pick one.

Titles that are not personal names, e.g.
"wrgneg Ltau", "urwdrina", "Szwumi”, must not
be

recorded as person names.

— ids: identifiers of the main parties —
national ID number, case number, land title
deed number,

juristic person registration number.

Very important: case numbers and deed numbers
are reused across courts/provinces, so they

must
always be prefixed with the court or province
name.
Correct: "miadwnimaszuns asiuwsumw 207/2553" /

"I Iamse Taum 12345"

Wrong: "amfiuwswumw 207/2553" / "Taum 12345"
National ID numbers need no prefix — just the
13 digits.

If you cannot tell which court or province it
belongs to, omit that identifier.

- refs: names of other laws/notices this
document cites. Copy the full name including
the B.E. year.

E.g. "wssddndinuzavd w.m. 2505"

Respond with JSON only.
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Join Relevance Screening scores a candidate pair
before authoring. The [[RELATION]] placeholder
receives the pattern that produced the pair.

Two Royal Gazette documents are being
considered as a candidate bundle for a
multi-hop QA

dataset. This is the final link gate before an
author spends budget on them.

Claimed relation:
[ [RELATION] ]

Rate ONE thing: do BOTH documents support
distinct facts about the SAME specific entity
such that

a realistic question genuinely needs both?

Pass only when the shared entity is specific
and central to at least two notices and those
notices

provide distinct, coherent facts: a lifecycle,
history, amendment, same case/asset, or a
genuinely

meaningful cross-context role. A group may
contain more than two documents; it passes when
it has

a coherent core chain and the additional
documents concern that same entity. Do not
reward broad

topical similarity.

Reject a person or company that is merely one
row in an unrelated roster; generic
professions,

products, places, offices, funds, or
categories; reused local registration/case
numbers without

unambiguous identity; issuers, signers, or
cited-law mentions; template/continuation
pages; and

two documents that state the same fact with no
multi-hop reasoning.

Rate from 1 to 5:

5 strong: clearly the same specific entity
and distinct facts need both documents

4 = good: strongly likely despite OCR ambiguity
3 plausible but not proven; normally not
worth authoring

2 = probably too weak or mostly coincidental
1 = clearly unrelated, generic, duplicate-like,
or fake

Think briefly, then output ONLY the single
rating digit (1-5) on the last line, nothing
else.

The shared multi-hop constraints, appended to
each pattern prompt.

RULES (apply to every multi-hop prompt) :
STANDALONE: name every body / person / place
/ year / law the question needs. Never say
"this notice / afufl / Uszniaf" — the asker
has not seen any Gazette document.
— QUESTION-EVIDENCE FIT: the selected evidence
spans must address the question directly. They
should contain the key entities, events,
rules, statuses, dates, or official notices
that a
retriever should return for this question.
- EVIDENCE: copy each ‘evidence_span’ as ONE
SHORT CONTIGUOUS block directly from the
document —
exact OCR words,

Thai/Arabic digits,

punctuation, spaces, and line breaks; no
edits, summaries,
translations, or ellipses. Do not reconstruct

a list row from memory. If you cannot copy an
exact block that shows the entity and its
event, set “skip® to true. One clean block
per selected
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document.
- A roster name by itself is NOT evidence of an
appointment, office, award, court, year, quota,

or change. Expand the same contiguous block
to include the nearest
heading/column/role/event

text. Likewise, an unlabelled number is not
evidence of an amount or category. If the
needed

label and the entity cannot fit in one clean
contiguous block, skip.
— MULTI-HOP: select =2 documents — the minimal
set whose spans together answer the question.
— REAL LINK: the selected documents must have
the relationship required by the task. The
evidence
spans may be short question-supporting
excerpts and do not need to repeat the full
shared context,
but they must not contradict the claimed
relationship.
- REALISTIC: avoid citation/date/signature
trivia, enabling-authority sections, case
numbers,
registration numbers, roster/list order,
"which document amended which" questions.
Prefer
a substantive status,
penalty, deadline,
consequence.
- VOICE: natural typed Thai,
(avoid ﬁW$qﬁwuuﬁq, @ﬁq). Arabic numerals are
fine.
- Skip weak material:
support a realistic,
someone

and

rule, duty, fee,

eligibility, or

right,

not legalese

if the documents do not
non-trivial question

would really ask, set “skip® to true, put a
short reason in ‘reason’ , and leave
“question’ and

“selected’ empty.

- Do not write an answer. The dataset is judged
by question quality and gold evidence quality.
- Before final JSON, silently check the
authoring requirements: does the question name
the context
it needs? Does the gold evidence fit it? Is
the document link real and the Thai realistic
and
clean? If any requirement is only borderline,
fix it or skip.

Reply with ONE VALID JSON OBJECT ONLY — no
prose, no code fences.

Always include exactly these keys:
‘reason', “question’, ‘selected’.
‘selected’ must always be an array.

“skip,

Good output when keeping:
{"skip":false,"reason":"","question":"ﬁwnwunWJ
#1lny", "selected": [{"doc_1d":"2012-000001.pdf |

","evidence_span":"ﬂamawuuﬁnﬁwuuuuﬁmaanmsq"),J
{"docfid":"20137000002.pdf","evidencefspan":"J

2aAINURANFIUBULUARRANASN" } ] }

Good output when skipping:
("skip":true,"reason":"Lanawsiuéuﬁuﬁﬁuwaﬁwu%uj

ﬁwnwuuawnﬁaq","question":"","selected":[]}

Evidence contrast (the wording is illustrative;
always copy the actual OCR exactly):

- BAD: ‘mwe. w19 n.  for a question asking which
court appointed her. The span proves only that
her

name occurs in a list.
- GOOD: " i%av
upFagAw eI aunuluata. .. \n. .. \nes. 19 n.’

because the same contiguous
block identifies both the event/court and the
person.
- BAD: "u%¥n n. o.®wwe for a question asking
its quota category or unit.
- GOOD: include the contiguous table heading
that labels the category/unit as well as that
row.

— BAD: ask how a role changed when both rows
state the same role, or claim year wé&wee when
the




source says m&on. Never turn OCR uncertainty
into a factual premise; reframe truthfully or
skip.

There is one authoring prompt per join pattern.
Five patterns are typed by the relation that links
the pair, covering law amendment, foundation, cor-
rection, bankruptcy case, and bankruptcy lifecycle.
The sixth is the untyped EnTiTY BRIDGE pattern,
which additionally receives the normalized bridge
string used to propose the cross-document question.
We reproduce the untyped entity-bridge prompt and
one typed pattern for contrast. The other four are
released with the code and data.

You write ONE natural Thai question with gold
evidence for a Royal Gazette (s12afia’ uiunsn)
search dataset, using the related documents
below.

[[DOCS]]

TASK — these notices were linked because they
share the same rare entity: "[[BRIDGE]]".
That shared entity is the bridge. Write a
question about that entity whose answer needs
BOTH

documents — something a journalist, auditor,
lawyer, or ordinary citizen following this
person / organisation / case / law would
actually ask. Typically: what happened to it,
and what

happened to it NEXT — a status, a change, a
consequence, an outcome across the two notices.

FIRST, check the link is real. The two notices
were joined mechanically on a shared name or
number, and OCR makes mistakes. If they are
actually about DIFFERENT entities that merely
share

a similar name, or if the shared entity is
incidental boilerplate in one of them (a
signer, an

enabling authority, a bank named only as a
payment channel), then there is no real link —
set

"skip® to true and say so. Do not invent a
connection to justify the pair.

Name the shared entity explicitly in the
question. Each selected span must show that
entity plus

the event it supports, so the link is visible
from the spans alone.

You write ONE natural Thai question with gold
evidence for a Royal Gazette (S72fAa’3 utunsn)
search dataset, using the related documents
below.

[ [DOCS]]

TASK — these notices are about the SAME
person's bankruptcy (same national ID), at
different

stages. Ask about that person's bankruptcy
STATUS over time — was the named person
declared

bankrupt, and what is the later status (still
bankrupt, discharged, or the bankruptcy
annulled)? Select evidence for the change in
status and, where stated, the effective date.
Identify the

person by NAME, not by national ID or case
number.

Each selected span must include the person's
name plus the bankruptcy status/action/date it

supports, so the same-person link is visible
without relying on hidden metadata. Do not ask
for

the national ID or case number.

B.5.3 Semantic Quality Review

Each check returns a single rating from 1 through
5 on its last line, and default automated acceptance
requires 4 or 5 from every applicable check. Stan-
DALONE, EvIDENCE-FIT, and ReaLIsTIC apply to
both authoring paths; TrRue Murti-Hop applies to
multi-hop items alone.

Standalone

You rate ONE thing about a Thai Royal Gazette
search question: is it STANDALONE?

A STANDALONE question names every body, person,
place, year, or law needed to understand it
WITHOUT seeing any document, and never refers

to "this notice / dsegnaafl / aduf /
tanaist / senana".

Rate from 1 to 5:

5 = fully standalone, names everything needed
3 = borderline, missing some context

1 = meaningless without an unseen document, or
says "this notice"

Think briefly, then output ONLY the single
rating digit (1-5) on the last line, nothing
else.

Evidence-Fit

You rate ONE thing: do the GOLD EVIDENCE spans
address the QUESTION effectively?

The evidence is good when the selected spans
are the right material a system should retrieve
for

the question: they contain the key
entities/events/rules/statuses/dates needed to
answer, or they

are clearly the official notices a reader must
use together to answer.

For single-hop questions, be strict: a short
span that answers only the date/number but
omits the

named person/organization/product/place from
the question is at best a 3. If the question
asks for

an amount, penalty, fee, deadline, effective
date, status, or list of required items, the
span must

actually contain that requested fact. Related
but incomplete clause fragments are at best a
3.

Apply the same strictness to EVERY span in a
multi-hop question. A bare name in a roster
does not

prove the appointment, role, court, award,
year, or status asked about. An unlabelled
table number

does not prove a quota, amount, unit, or
category. The selected contiguous span itself
must carry

the nearby heading, column label, role, or
event context needed to interpret it; do not
silently

borrow that context from an unseen document
title or text outside the gold span. If one
required

hop has only a name/number while the other hop
is good, score at most 3.
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Examples:
- Question asks whether a named person was
appointed to the same court twice; both spans
contain

only numbered name rows -> 2 or 3, not 5.
- Question compares two offices and each span
says "Name — Office’ -> 5.
- Question asks quota category/tonnage but rows
contain only company plus an unlabelled decimal
->

at most 3.

Rate from 1 to 5:

5 excellent gold evidence; the spans directly
and sufficiently address the question

4 good evidence; mostly sufficient, with only
minor missing context or wording friction

3 = partially useful; related to the question
but missing an important fact, date, entity, or
step

2 = weak; only loosely related or one span is

useful while the other is mostly irrelevant

1 wrong evidence; does not answer/address the
question, or points to the wrong
entity/case/notice

Penalize only if the question and selected
evidence themselves do not line up.

Think briefly, then output ONLY the single
rating digit (1-5) on the last line, nothing
else.

Realistic This check receives the source excerpts
alongside the question, because a question can read
as natural while resting on a role or a year that OCR
noise invented, and only the source reveals that.

You rate ONE thing about a Thai Royal Gazette
question: is it a REALISTIC, non-trivia
question

written in clean Thai?

Rate from 1 to 5:
5 a real person
business owner,
it,
3 somewhat niche or slightly awkward,
plausible
1 signer / registrar / case-number / serial /
roster / "who is first in the list" trivia, OR
the question contains OCR garble or
nonsense, falsely calls an award class a
job/status,
presupposes a change when it actually asks
whether an unchanged row changed, or
asserts a
year/event that conflicts with the supplied
Gazette material

(lawyer, journalist, official,
citizen) would genuinely ask
and the question is clean readable Thai
but

Do not reward grammatical fluency when the
underlying proposition is nonsensical or
visibly

manufactured from OCR. A clean, substantive
comparison of two real roles, awards, rules,
events

is realistic; a comparison built from corrupted
entity/type names or invented chronology is
not.

or

Think briefly, then output ONLY the single
rating digit (1-5) on the last line, nothing
else.

True Multi-Hop The [[RELATION]] place-
holder receives the join pattern, and the check reads
the full selected documents when scoring whether
every cited document is necessary.

Two Royal Gazette documents were combined to
write ONE multi-hop question. Their claimed
relation:
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[ [RELATION] ]

You rate ONE thing: is the question GENUINELY
multi-hop — does answering it actually require
BOTH documents, not Jjust one?

A question is genuinely multi-hop when a
necessary part of the answer comes from EACH
document :

a fact, entity, status, date, amount, or step
in one document combined with a different fact
in

the other. Neither document alone is enough.
BOTH of these count as genuinely multi-hop — do
not penalize either:

— COMPOSITION (bridge): a fact in one document
(a name, case no., registration, pointer) is
what

lets you locate or interpret the answer in
the other;
- COMPARISON / TWO-EVENT: the question compares
two versions, or asks about two distinct events
or
states, where EACH document supplies a
necessary part of the answer and neither
alone is enough.
A retriever must find both. This is
legitimate multi-hop even though no bridge is
traversed.

It is NOT genuinely multi-hop when:
- one document already contains everything
needed to answer, and the other is decorative;
- the second document only confirms or repeats
a fact the first already states;
- the question only NARRATES a fact from one
document as background while the whole answer
sits in
the other;
- the question's PREMISE IS FALSE: the two
documents are not actually related the way the
question
asserts (different people, different cases,
different provisions), so the comparison or
link it
asks about does not exist. Score these 1 — a
false premise is worse than a single-hop
question.

The test 1is simply: can ONE document alone
fully answer this? If yes -> 1. If a necessary
part of

the answer is only in the other document -> it
is multi-hop, whether by bridge or by
comparison.

Use the full documents (not only the short
selected quotes) to judge whether both are
truly load-

bearing. Do not penalize a document just

because its contribution is a short row, name,
date, or

amount — a small but necessary fact still
counts as a required hop.

Do NOT grade evidence-span quality here. If the

full documents really contain two distinct
facts

needed by the question, score the multi-hop
structure highly even when a selected quote is
too

short; the separate evidence-fit judge owns
that failure. Conversely, a chronological
preamble

from document A does not make a question
multi-hop when the requested answer is wholly
in B.

Rate from 1 to 5:

5 clearly requires both documents; each
contributes a necessary, distinct part of the
answer

3 weak; one document does most of the work,
the other adds only minor context

1 single-hop in disguise: one document alone
answers it, or the two halves are unrelated




Think briefly, then output ONLY the single
rating digit (1-5) on the last line, nothing
else.

C Units for Evidence Retrieval

Word chunks The Thai newmm tokenizer identi-
fies non-whitespace words while preserving their
character offsets. Consecutive windows contain the
requested number of words. Overlapping variants
advance by the chunk size minus the overlap, and
a final window containing only repeated overlap is
omitted.

Sentence chunks The Thai crfcut sentence tok-
enizer segments the document, while newmm counts
words for the packing budget. Consecutive sen-
tences are packed into a chunk until the next sen-
tence would push the chunk past the requested word
count. The requested size is therefore an upper
bound rather than an exact length, and boundaries
always fall at a sentence end. A sentence longer
than the requested size becomes its own chunk and
is not split further, which is what produces the small
number of oversized units on documents where the
tokenizer finds no boundary, such as tabular filings
and dotted form templates. At a 200-word setting
this yields 55,465 units against 53,196 for the word
splitter, so the two conditions differ in boundary
placement rather than in unit count. Overlap for this
splitter is counted in sentences rather than words,
so it is not comparable to the word overlap ablation,
and we hold it at zero.

Contextual chunks Each base chunk is paired
with the complete source document. DeepSeek V4
Flash generates a short context that is prepended to
the chunk for embedding and lexical indexing only.
The original chunk remains the evaluation text, sup-
plies the source offsets, and is the text passed to the
Evidence-Fit judge and to the downstream genera-
tor, so no contextual prefix is ever scored or read
at answer time. Batch generation falls back to indi-
vidual requests when a batch response fails.

Atomic propositions DeepSeek V4 Flash emits
self-contained factual statements paired with source
excerpts. The system retrieves each statement,
while evaluation uses the located excerpt and its
offsets. Exact excerpt matching is attempted first,
followed by fuzzy alignment. Of 201,740 extracted
units, 200,903 initially received a non-empty inter-
val. The initial alignment failure rate was there-
fore 0.415% (837 units). We performed an agent-

assisted manual audit of every failure against its
source document. Deterministic exact and fuzzy
searches proposed candidate windows, but a re-
viewer accepted a repair only when one contigu-
ous passage supported the complete proposition.
A mechanical gate then confirmed that the saved
quote equalled the half-open source slice. We in-
dependently re-reviewed 104 accepted spans that
exceeded 1,500 characters or five times the failed
excerpt length. The manual repair recovered 411
intervals, classified 412 units as ambiguous because
their evidence was non-contiguous or structurally
reordered, and found 14 unsupported units. This
leaves 201,314 units with a verified interval, a fi-
nal interval rate of 99.789%, and a residual rate
of 0.211%. A unit without a located interval con-
tributes no overlap, so it scores as retrieved text
that recovers no evidence. The immutable original
artifact, repaired copy, and decision-level audit are
retained separately.

Whole documents Whole-document conditions
use one unit spanning the complete source text. The
unit retains the source-document identifier and cov-
ers offsets from the first through the final character.
This construction uses no model.

C.1 Retrieval-Unit Prompts

The contextual and atomic-proposition units are
the only retrieval units an LLM constructs; both
run DeepSeek V4 Flash. Word, sentence, and
whole-document units are tokenizer-based and use
no model. Both LLM prompts instruct the model to
answer in Thai when the source is Thai, so the gen-
erated text matches the language of the questions.

Contextual chunks The single-chunk prompt.

<document>
{document}
</document>

Here is the chunk we want to situate within the
whole document:

<chunk>
{chunk}
</chunk>

Please give a short succinct context to situate
this chunk within the overall document for the
purposes of improving search retrieval of the
chunk. Write the context in the same language
as the chunk. For Thai Royal Gazette text,
answer in Thai. Answer only with the succinct
context and nothing else.

The batch prompt, used by default and falling
back to the single-chunk prompt when a batch re-
sponse fails to parse.
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<document>
{document }
</document>

Below are {n} numbered chunks taken from the
document above.

<chunks>
{numbered_chunks}
</chunks>

For EACH chunk, give a short succinct context
to situate it within the overall document, for
the purpose of improving search retrieval of
that chunk. Write each context in the same
language as the chunk. For Thai Royal Gazette
text, answer in Thai.

Answer with exactly {n} lines,
each formatted exactly as:
<number>. <context>

one per chunk,

text. Do not include
after the {n} lines.

Do not repeat the chunk
anything else before or

Atomic propositions The default extraction

prompt.

You are a legal analyst specializing in Thai
Royal Gazette documents. Your task is to
extract discrete atomic propositions from the
text below. An atomic proposition is a
self-contained factual statement.

**Extraction rule:**

Extract a proposition from every sentence or
clause that states something concrete. When in
doubt, extract it. Do not filter at this stage
— the requirements below handle quality.

**Coverage requirement:**

You MUST extract propositions from the entire
document. Mentally divide the document into
sections (header, rationale, legal authority,
definitions, operative clauses, conditions,
signatories) and verify at least one
proposition has been extracted from every
section containing substantive information
before finalizing output. If any section
produced zero propositions, return to it and
extract what you missed.

**Requirements for each proposition:**
- Express exactly one specific claim (one

subject, one predicate)

- Use full names, titles, and official
designations — never pronouns or vague
references

Include all dates, numbers, legal references,
and qualifiers exactly as written

- If multiple items belong to the same named
category or list, group them into one
proposition

- Do not extract the same proposition twice —
if a proposition has already been extracted,
skip the duplicate

- Maintain the original language of the source
text

**Self-containment rule — MUST pass before
including any proposition:**

Apply this test to every proposition before
writing it: *"Could someone who has never seen
this document understand this proposition
completely, with no missing who, what, when,
where, or under what authority?"*

If the answer is no — add the missing elements.
A proposition that names a person MUST also
include their affiliation and the announcement
context. A proposition that states an award
MUST also include the year, the awarding
authority, and the recipient's full
affiliation. Never strip document-level context
(announcement title, year, issuing body) from
any proposition.

**Excerpt verbatim rule — MUST pass before
writing any excerpt:**

The ‘“excerpt’ field is a byte-for-byte copy of
the source text. Apply this test before writing
every excerpt: *"Is every character, space,
line break, and punctuation mark in my excerpt
identical to the source?"* If no — rewrite it.

NEVER do any of the following to the excerpt:
- Paraphrase, summarize, or reword any part
- Omit any words, characters, or symbols

- Shorten or truncate for brevity

- Normalize whitespace, indentation, or line
breaks
- Correct spelling, punctuation, or formatting

- Replace or remove special characters

If the source text contains irregular spacing,
mid-word line breaks, unusual indentation, or

Thai numeral formatting — reproduce all of it

exactly. The excerpt must be indistinguishable
from a direct paste of the source.

**Format lock — output this exact JSON

structure. No markdown, no explanation, no text
outside the JSON:**
" Jjson
{{
"propositions": [
H
"proposition": "Self-contained factual
statement in Thai",
"excerpt": "Exact byte-for-byte copy of

the source text — no changes of any kind"
}}
]
H

**Grounding rule:** Extract only propositions
explicitly stated in the text. Do not infer,

extrapolate, or add context from outside the

provided text.

**Text to process:**
{input}

A variant selected for DeepSeek, which follows
a terser specification more reliably.
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You extract retrieval-ready atomic propositions
from Thai Royal Gazette text. An atomic
proposition is a self-contained factual
statement.

Return only one JSON object with this shape:
{1
"propositions": [
"proposition": "A self-contained factual
statement in the source language",
"excerpt": "A short exact evidence span
copied from the source"
}}
]
}}

Rules for good propositions:

- Extract concrete legal/administrative facts
that would help answer search queries.

- Each proposition must be self-contained:
include the announcement/order name, issuing
body, names, roles, dates, numbers, legal
references, and conditions needed to understand
it.

— Keep one proposition to one main claim.
table row describes one entity, make one
proposition for that row.

- If one source sentence or paragraph lists
several people/items under the same action,
group them into one proposition instead of
making separate propositions that require
skipped evidence.

- Preserve names, dates, numbers, legal
references, and OCR spelling exactly as shown
in the source. Do not correct the source.

If a




- Do not invent missing context, normalize
dates, translate text, or add outside
knowledge.

— Prefer 3-12 high-value propositions for a
short notice; use up to 20 only when the text
contains a table/list with many distinct rows.
- Skip pure page furniture unless it identifies
the notice, issuing body, date, case number, or
legal authority.

Rules for “excerpt :

- The excerpt is evidence for locating the
proposition in the original text.

- Copy a short continuous span from the source
text exactly.

— Choose the smallest span that supports the
proposition, usually one sentence, clause,
heading, or table row.

- The “excerpt’ value must be a literal
substring of the source text.

- Preserve source line breaks inside “excerpt’.
If a heading is split across several lines,
copy those line breaks or choose one exact line
as the excerpt.

- Never use ellipses (" ... ), bracketed
omissions, summaries, markdown fences, or
paraphrases in “excerpt’ .

- If no single continuous source span supports
every detail in a proposed proposition, either
make the proposition less detailed or group the
source list into one proposition with one
continuous excerpt.

Output rules:

- Output valid JSON only.
— No markdown.

- No explanation.

- No trailing text.

Text:
{input}

D Evidence-Retrieval Implementation

Libraries Sentence segmentation uses crfcut,
while word segmentation and BM25 tokenization
use newmn, both from PyThaiNLP (Phatthiyaphai-
bun et al., 2023). Dense retrieval uses an exact
FAISS inner-product index (Douze et al., 2026),
so the reported dense numbers reflect the encoder
rather than an approximate-search error. BM25
uses the bm25s Lucene scoring variant with ky =
1.0 and b = 0.9, held fixed across all conditions.
We checked this choice with a 60-point grid search
over k1 € [0.2,1.8] and b € [0.3,1.0], scoring
BM25-only hit rate at £k = 4 over 200-word units
on a 500-question development split (seed 42). The
best development setting, k1 = 0.3 and b = 0.4,
gains 2.0 points there but only 0.5 points on the
1,500 held-out questions (0.825 against 0.820), and
the full grid spans 0.766 to 0.816. BM25 per-
formance is therefore insensitive to both param-
eters on this corpus, and we report the fixed values
rather than re-tuning. Multivector retrieval uses the
PLAID (Santhanam et al., 2022) index provided by
PyLate (Chaffin and Sourty, 2025), which exposes
late-interaction indexing over BGE-M3 token vec-
tors without a ColBERT-specific reimplementation.

Models Table 4 lists the checkpoints used in evi-
dence retrieval and downstream evaluation.

Role Checkpoint

BAAI/bge-m3

BAAI/bge-m3
Qwen/Qwen3-Embedding-4B
voyage-4-nano

Default encoder
Multivector encoder
Encoder ablation
Encoder ablation

Reranker Qwen/Qwen3-Reranker-4B
Answer generator google/gemma-4-31B-it
Pairwise judge claude-opus-5

Table 4: Models by role. BGE-M3 supplies both pooled
and token vectors.

D.1 Reranking Prompt Components

The reranked conditions of Section 4.3 score each
question and unit pair with the Qwen3 reranker,
whose scaffolding is fixed across all conditions. The
system prompt.

<|im_start|>system

Judge whether the Document meets the
requirements based on the Query and the
Instruct provided. Note that the answer can
only be "yes" or "no".<|im_end|>
<|im_start|>user

The user prompt, which carries the task instruc-
tion, the question, and the candidate unit.

<Instruct>: {instruction}
<Query>: {query}
<Document>: {document}

The task instruction substituted into the user
prompt.

Given a web search query, retrieve relevant
passages that answer the query

The suffix that elicits the yes-or-no token whose
probability becomes the relevance score.

<|im_end|>
<|im_start|>assistant
<think>

</think>

E Additional Results and Analyses
E.1 Delivered Text and Efficiency

Table 5 reports the text each configuration actually
delivers. Query time is milliseconds per question,
measured over the same 2,000 dataset questions
used for evidence-retrieval scoring. It includes
query encoding, candidate retrieval, fusion, and
reranking when applicable. LLM construction of
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contextual and atomic-proposition units is excluded
as offline preprocessing. All configurations ran on
one workstation with an NVIDIA RTX 3090 and an
AMD Ryzen 5 5600X. These are single-run wall-
clock measurements on shared hardware, so they
indicate relative order of magnitude rather than rig-
orous latency measurements, and we round them
to two significant figures. We omit index construc-
tion time because indices are cached and shared
across configurations, which makes the recorded
build times reflect cache state rather than the cost
of the method.

Configuration Words/q
Word chunks, single-vector (bge-m3)
50w (k=16) 767
100w (k=8) 726
200w (k=4) 669
400w (k=2) 484
Word 200w, one-change ablations
+ overlap-50 667
+ sentence boundaries 628
voyage-4-nano embed 659
qwen3-4b embed 653
multivector (ColBERT) 674
Word 200w, sparse—dense fusion
hybrid 683
hybrid + qwen rerank 674
Contextual chunks (200w, bge-m3)
vector 661
hybrid 650
hybrid + qwen rerank 660
Atomic-proposition chunks (bge-m3), k=16
vector 494
hybrid 472
hybrid + qwen rerank 459
Whole-document chunks (bge-m3), k=4
dense 1,233
multivector (ColBERT) 1,209

Table 5: Delivered text per configuration, the mean num-
ber of words returned per question over a 200-question
sample. The 800-word budget is nominal, because units
at document ends are short, so no two configurations
deliver the same amount of text and both span metrics
move with what is delivered.

E.2 Paired Uncertainty Analysis

Table 8 reports each one-change contrast as a
comparison-minus-baseline difference with a 95%
interval. The question is the sampling unit, con-
figurations stay paired by question identifier, and
the per-question difference is formed before resam-
pling. Intervals are percentile intervals over 20,000
bootstrap replicates drawn within the single-hop
and multi-hop strata at their observed sizes (1,500
and 500 for the span metrics, 75 and 25 for the

Configuration Query (ms/q)
Word chunks, single-vector (bge-m3)
50w (k=16) 4.8
100w (k=8) 34
200w (k=4) 2.8
400w (k=2) 2.5
Word 200w, one-change ablations
+ overlap-50 29
+ sentence boundaries 3.1
voyage-4-nano embed 4.6
qwen3-4b embed 18
multivector (ColBERT) 270
Word 200w, sparse—dense fusion
hybrid 3.7
hybrid + qwen rerank 2,000

Contextual chunks (200w, bge-m3)
vector 2.8
hybrid 35
hybrid + qwen rerank 2,100

Atomic-proposition chunks (bge-m3), k=16
vector 5.6
hybrid 7.1
hybrid + qwen rerank 3,100

Whole-document chunks (bge-m3), k=4
dense 2.5
multivector (ColBERT) 360

Table 6: Query cost per configuration. Lower is better.
Cross-encoder reranking dominates query time, costing
roughly two to three orders of magnitude more than the
fusion step it reranks, and late-interaction multivector
retrieval sits between the two.

judge), so every replicate preserves the scenario
mix of the evaluation set. One shared resample is
applied across all contrasts within a replicate.

We report intervals rather than hypothesis tests,
and we apply no correction for the number of
contrasts, so an interval that excludes zero is one
marginal comparison rather than a family-wise
claim. The judge intervals rest on 100 ratings and
resolve ten of the eighteen contrasts, which is why
the judge score is treated as descriptive throughout.
Comparing two contrasts by whether their intervals
overlap is not a test of their difference, and we make
no such comparison in the text.

E.3 Downstream Answer Evaluation

The generator uses temperature zero, a 512-token
limit, and no abstention or citation instruction. Its
prompt contains only the question and retrieved
units. The judge sees gold evidence for comparison
but not retrieved units or system names. Answer or-
der and the round-robin opponent for each question
are deterministically balanced with seed 42.

The run contains 1,800 comparisons, of which
62.2% are ties. Of these, 563 pairs are byte-
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identical answers recorded as ties without a judge
call, leaving 1,237 comparisons judged by Claude
Opus 5. Against contextual hybrid with Qwen, con-
textual hybrid retrieval records 1 win, 1 loss, and 8
ties, while document multivector records 1 win, 1
loss, and 9 ties. Ties dominate every head-to-head
record among the leading systems.

E.4 Performance by Notice Type

Table 9 compares baseline (ordinary 200-word
dense retrieval) vs. recommended (contextual 200-
word hybrid retrieval) by notice type. We classify
gold source documents using the existing rules, re-
solving multiple matches by routing order. Ques-
tions whose sources share a primary type receive
that label; differing types form the mixed group,
and any unclassified source places a question in the
unknown group.

Recall improves in 21 of 24 named types and is
unchanged in three. Among types with at least 30
questions, incapacity orders (+29.42 pp) and asso-
ciation registrations (+28.83 pp) show the largest
recall gains. Precision gains are less uniform: bank-
branch notices lose 1.36 pp and condominium no-
tices lose 0.38 pp despite improved recall.

Overall changes are +11.89 pp in recall, +0.91 pp
in precision, and +0.73 Evidence-Fit points. Sparse
ratings, automatic labels, and differences in ques-
tion composition limit per-type interpretation.
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Configuration Query (ms/q)

Word 50w (k=16) dense 4.8
Word 100w (k=8) dense 34
Word 200w (k=4) dense 2.8
Word 400w (k=2) dense 2.5
Word 200w overlap-50 29
Word 200w sentence boundaries 3.1
Word 200w voyage-4-nano embed 4.6
Word 200w qwen3-4b embed 18
Word 200w multivector (ColBERT) 270
Word 200w hybrid 3.7
Word 200w hybrid + qwen rerank 2,000
Contextual 200w vector 2.8
Contextual 200w hybrid 35
Contextual 200w hybrid + qwen rerank 2,100
Atomic propositions vector 5.6
Atomic propositions hybrid 7.1
Atomic propositions hybrid + qwen rerank 3,100
Whole document dense 2.5
Whole document multivector (ColBERT) 360

Table 7: Query cost per configuration. Lower is better. Word and contextual chunks use BGE-M3 unless an
alternative encoder is named. Atomic propositions use k£ = 16; 200-word and whole-document configurations use
k = 4. Cross-encoder reranking dominates query time.
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Contrast

SpanRec

SpanPrec

EvFit

Retrieval unit

Word 50w — word 200w

Word 100w — word 200w
Word 400w — word 200w
Overlap-50 — word 200w
Sentence bounds — word 200w
Contextual — word 200w
Atomic propositions — word 200w
Whole document — word 200w
Retrieval method

Word hybrid — dense

Word rerank — hybrid

‘Word multivector — dense
Contextual hybrid — dense
Contextual rerank — hybrid
Propositions hybrid — dense
Propositions rerank — hybrid
Document multivector — dense

Encoder

0.175[—0.194, —0.157]"
0.087 [—0.103, —0.071]"
-+0.020 [0.006, 0.034]"
+0.021 [0.012, 0.031]"
0.013 [—0.023, —0.003]"
-+0.059 [0.045, 0.072]"
0.118 [—0.139, —0.096]"
-+0.099 [0.085, 0.112]*

-+0.054 [0.038, 0.0691"
+0.052 [0.042, 0.063]"
-+0.036 [0.024, 0.0477"
-+0.060 [0.046, 0.075]*
-+0.041 [0.031, 0.0527"
0.014 [—0.025, —0.003]"
-+0.061 [0.050, 0.072]"
-+0.038 [0.027, 0.049]"

-+0.040 [0.028, 0.053]*

—0.022 [—0.024, —0.0207"
—0.012 [-0.013, —0.010]"

+0.031 [0.029, 0.034]"
+0.003 [0.002, 0.004]*
+0.001 [—-0.000, 0.002]
+0.005 [0.004, 0.007]*
+0.011 [0.008, 0.014]"

—0.014 [-0.015, —0.012]"

-+0.002 [0.001, 0.0041"
+0.003 [0.002, 0.004]*
+0.001 [—-0.001, 0.002]
+0.004 [0.002, 0.005]*
+-0.001 [—-0.000, 0.002]
—0.000 [—0.002, 0.001]
-+0.005 [0.003, 0.00771"
+0.002 [0.001, 0.003]"

+0.004 [0.002, 0.005]*

—0.35 [—0.68, —0.02]"
—0.21 [-0.51, 0.10]
+0.32[0.04, 0.601"
+0.34 [0.14, 0.56]"
+0.06 [—0.17, 0.29]
+0.34 [0.09, 0.60]"
+0.31 [—0.03, 0.66]
+0.50 [0.23, 0.78]"

+0.36 [0.10, 0.63]*
+0.03 [—0.22, 0.29]
+0.08 [—0.13, 0.29]
+0.390.17, 0.63]*
—0.04[—0.21, 0.12]
—0.30 [—0.52, —0.10]*
+0.22 [0.03, 0.43]*
+0.07 [—0.06, 0.21]

+0.33[0.07, 0.591*

Voyage-4-Nano — BGE-M3

Qwen3-4B — BGE-M3 —0.009 [-0.023, 0.005] —0.001 [—0.002, 0.001] —0.05[—0.33,0.23]

Table 8: Paired comparison-minus-baseline differences with scenario-stratified 95% bootstrap intervals. *marks an
interval that excludes zero, uncorrected for the 54 comparisons shown.

Notice type Questions ARecall APrec AEvFit

(pp) (Pp) (n)
Overall 2000 +11.89 +0.91 +0.73 (100)
Rule or notification 400 +5.91 +0.57 +0.74 (27)
Foundation registration 240 +9.53 +1.33 +0.17 (12)
Appointment 229 +14.76 +0.91 +0.73 (11)
Local ordinance 119 +9.43 +0.96 0.00 (5)
Condominium registration 96 +3.77 —0.38 0.00 (4)
Association registration 77 +28.83 +1.42 +2.40 (5)
Incapacity order 74 +29.42 +1.80 +2.00 (2)
Association / foundation change 71 +9.90 +0.52 +1.33 (3)
Bankruptcy discharge 66 +2.18 +0.18 0.00 (1)
Company registration list 62 +23.93 +1.97 0.00 (2)
Land title notice 49 +16.33 +0.51 0.00 (2)
Bankruptcy judgment 46 +21.74 +1.18 0.00 (1)
Bank branch 40 +5.79 —1.36 +0.50 (2)
Industrial standard 38 +13.16 +0.39 +1.33 (3)
Temple establishment 35 0.00 +0.07 0.00 (4)
Registration revocation 28 +16.46 +2.25 0.00 (2)
Decoration 25 +14.29 +1.32 +4.00 (1)
Missing person order 25 +16.00 +0.59 NA (0)
Bankruptcy receivership 25 +32.00 +1.44 NA (0)
Mining concession 11 +18.18 +0.78 NA (0)
Labor union 9 +9.92 —0.14 NA (0)
Catholic church recognition 9 0.00 —0.13 NA (0)
Election boundary 4 +25.00 +0.83 NA (0)
Correction 1 0.00 +0.11 NA (0)
Mixed notice types 90 +8.67 +1.52 +1.43 (7)
Unknown / incomplete 131 +13.87 +1.77 +0.67 (6)

Table 9: Baseline vs. recommended retrieval (k = 4). Deltas are recommended minus baseline: percentage points
for recall and precision, rating points for Evidence-Fit (1-5). Questions gives the paired sample for recall and
precision. Parentheses give the number of questions rated for Evidence-Fit; NA (0) indicates no ratings. Changes
use unrounded scores. Judge sampling was stratified by scenario.
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