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Abstract

Evaluating retrieval-augmented generation
(RAG) on custom knowledge bases requires
task-specific benchmarks of multi-chunk evi-
dence synthesis, yet most existing generation
pipelines apply quality control only after the
full question set has been solved. We present
VERGE, which moves quality control inside
the generation loop: a verification agent tar-
gets, per item and without an external solver
pass, an operational multi-chunk criterion and
a QA-integrity criterion, refining items that fail
and discarding those it cannot repair. From
11,052 candidates across six domains, VERGE
yields 2,854 verified multiple-choice items tar-
geting aggregation- and comparison-style syn-
thesis over topically coherent evidence. We
contribute a method-agnostic validation proto-
col — exhaustive strict-subset ablation, chunk-
removal ablation, format-unconfounded open-
ended re-evaluation, and inter-chunk-similarity
stratification — and use it to localise where the
multi-chunk dependence holds. On a stratified
sample (n = 250), 69.8% of items not answer-
able closed-book cannot be answered from any
strict subset of their supporting chunks (strict-
necessity violation rate 15.2%). A human anno-
tation study finds the verifier reliable (Cohen’s
x = 0.903) and VERGE items higher in QA
integrity and distractor quality than the closest
prior method (p < 0.001).

1 Introduction

Retrieval-Augmented Generation (RAG) systems
(Lewis et al., 2020) have become central to
knowledge-intensive applications by combining
parametric knowledge from large language mod-
els (LLMs) with non-parametric knowledge from
external retrieval systems. Despite widespread in-
dustrial adoption, methodological challenges in
evaluating RAG systems’ multi-hop reasoning ca-
pabilities on custom enterprise knowledge bases
persist.
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Figure 1: VERGE dataset generation process.

We introduce VERGE (VERIification-enhanced
GEneration),! a pipeline for generating task-
specific evaluation datasets for aggregation- and
comparison-style multi-hop QA, a subclass of
multi-hop QA characterised in Section 3.1, for
RAG systems. Its central design principle is
integrating verification directly into the genera-
tion loop: a verification agent targets an opera-
tional multi-chunk criterion — no chunk subset
should match full-context performance — and a
QA-integrity criterion at generation time, and it-
eratively refines questions that fail those criteria,
rather than applying filtering post-hoc (Guinet et al.,
2024). We demonstrate empirically that verifica-
tion accounts for the per-item quality gain while
refinement contributes yield and coverage of the
structurally hardest stratum; the quality gain holds
across question formats (MCQ and open-ended)
and across solver models, with verifier decisions
exhibiting high agreement across five independent
judges.

In summary, this paper makes the following con-
tributions:

'Code, prompts and evaluation scripts: https://github.
com/kyosek/VERGE
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* A solver-free, per-item verification procedure
for multi-hop RAG benchmark construction
that operationalises a multi-chunk criterion
and QA integrity at generation time.

* A method-agnostic validation protocol (ex-
haustive strict-subset ablation, chunk-removal
ablation, format-unconfounded open-ended
re-evaluation, inter-chunk-similarity stratifica-
tion and a corpus-level shortcut audit) that
diagnoses where multi-chunk dependence
holds.

* Empirical evidence that verifier-based cura-
tion produces a more retrieval-discriminative
instrument than unverified generation and than
the closest prior method, validated against hu-
man judgement.

* A component analysis that separates the two
mechanisms: a verification ablation attribut-
ing the entire per-item quality gain to veri-
fication, and a refined-vs-first-pass compari-
son showing that refinement contributes yield
recovery — rescuing 11.4% of otherwise-
discarded items without sacrificing quality.

2 Related Literature

A range of benchmark datasets have been proposed
to evaluate multi-hop reasoning in question answer-
ing. Early datasets established foundational frame-
works for evaluating multi-hop reasoning over mul-
tiple documents (Yang et al., 2018; Khashabi et al.,
2018; Ho et al., 2020). Subsequent work extended
this paradigm to the multiple-choice setting (Pang
etal., 2022) and introduced more controlled compo-
sitional structures (Trivedi et al., 2022). Tang and
Yang (2024) proposed MultiHop-RAG, a bench-
mark built from news articles for multi-hop queries
in RAG contexts; like the datasets above, it is a
fixed benchmark over a predetermined document
collection rather than a method for generating task-
specific evaluation instruments, which limits its
use for RAG evaluation on specialised knowledge
bases.

Among generation methods, RAGAs (Es et al.,
2024) synthesises open-ended QA pairs from a
document corpus with LL.Ms but applies no verifi-
cation during generation, leaving question quality
unchecked. Recent work explores compositional
structure and difficulty calibration, but the major-
ity of them rely on post-hoc filtering (Zhu et al.,
2025; Shen et al., 2025; Lee et al., 2025b; Gong

et al., 2025; Lee et al., 2025a; Zeng et al., 2025).
Closest to our work, Guinet et al. (2024) gener-
ate multiple-choice exams for task-specific RAG
assessment and optimise them post hoc. RAG sys-
tems first solve the generated questions, then Item
Response Theory (IRT) is applied to evaluate exam
quality and iteratively optimise the question set, so
verification is postponed until after generation. In
contrast, VERGE targets distractor-rich multiple-
choice question generation for multi-hop RAG
evaluation, integrating verification into the gener-
ation process. VERGE adapts established com-
ponents (LLM-based generation, LL.M-as-judge
verification and the item-writing guidelines of Hal-
adyna et al. (2002)); what is new is solver-free per-
item acceptance at generation time and diagnosis-
conditioned refinement from the verifier’s stated
cause of failure. Prior work has explored refine-
ment of RAG components at response time (Shao
et al., 2023; Asai et al., 2024; Zhou et al., 2024; Shi
et al., 2024); we apply self-reflection to evaluation-
dataset generation, and compare primarily against
Guinet et al. (2024) as the closest prior work in
multiple-choice RAG assessment.

3 VERGE framework

3.1 Problem Formulation

Our evaluation framework formulates the multi-
hop RAG assessment problem as follows. Let
D = {dy,ds,...,d,} represent a corpus of docu-
ments where each document d; contains potentially
relevant information. We chunk D into semantic
chunks C' = {c1, ¢, ..., cn}, where each chunk
c; is a semantically coherent chunk. A multi-hop
question ¢ is a tuple ¢ = (question, A, a*,Cy),
where C; C C with 2 < |Cy| < 5 is the support-
ing set, a* is the reference answer, and A is the
answer space. By this definition, we do not target
bridge reasoning, in which a semantically distant
chunk must be located via an intermediate entity
but rather ¢ requires that the answer be derivable
only by synthesising information distributed across
multiple chunks of Cj,. In practice, C is the top-k
chunks most semantically similar to a randomly
seeded chunk, which yields evidence sets that are
distributed yet topically coherent. Mean pairwise
cosine similarity within Cj is 0.80, against 0.50 for
random within-domain pairs (about four standard
deviations apart), so the clustering is construction-
driven rather than an artefact of within-domain
homogeneity. The construction therefore empha-
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sises aggregation- and comparison-style synthesis
over semantically proximate evidence and under-
samples bridge-style chains; VERGE targets this
subclass of multi-hop QA. For multiple-choice in-
stantiation, A = {ay, as, as,as} with a* € A; for
open-ended instantiation, A is unconstrained free
text and a* is a reference answer.

3.2 Question Generator

Given (€, and question generation instruction
prompt, the generator G generates QA pair can-
didates in ¢q. The answer candidates contain three
distractors and one correct answer a*. Whereas
Guinet et al. (2024) require a separate process to
obtain effective distractors, we integrate distractor
engineering directly within the generation prompt.
Following Haladyna et al. (2002), our prompt in-
structs the generator to produce three complemen-
tary distractor types targeting partial information
reliance, contextual misalignment, and inter-chunk
dependency failures (the prompt is in Appendix
D.1).

3.3 Verification Agent

As illustrated in Figure 1, VERGE framework inte-
grates the verification agent directly into the ques-
tion generation process, distinguishing it from ex-
isting approaches that separate these stages. Our
methodology employs a verification agent V' that
judges whether generated questions meet multi-
hop requirements. During the question generation
process, the verification agent verifies the question
following two criteria: (1) Complete Multi-Hop:
Ve(q,Cy) — {0,1} judges whether deriving the
correct answer a* requires synthesising informa-
tion distributed across multiple chunks in C';, such
that the question cannot be reliably answered with-
out the full supporting context. The verifier does
not provide a formal logical guarantee that no strict
subset of evidence suffices; instead, it targets an op-
erational criterion reflected by performance degra-
dation under partial context. (2) QA Integrity:
Vo(g,Cq) — {0, 1} judges whether a* can be de-
rived from information in C;. When a question
fails any verification criteria, the agent provides a
refinement feedback designed to help the question
meet the verification criteria. This process is re-
peated up to two refinement iterations before either
meeting the verification criteria or discarding it,
enabling the question generation process to itera-
tively refine itself. Additionally, we examine the
question format to filter wrong format questions. If

Methodology Timing Refine.  Criteria Feedback

Es et al. (2024) None None None None

Guinet et al. (2024) Post None IRT model LM St
(pass/fail)

Compl. MH  Per-item

VERGE (Ours) and QA integ. diagnosis

During < 2 iter

Table 1: Verification methodological differences be-
tween VERGE and existing task-specific evaluation
dataset generation approaches. 7iming: when verifi-
cation occurs (Post = after generation, During = con-
current with generation); Refine.: number of iterative
refinement cycles (iter = iterations); Criteria: evaluation
metrics used; Feedback: signal returned per item .

Domain # Question # Chunk Size Voc. Count
Covid 422 270 332 5,522
GovReport 656 5,152 326 24,963
HotpotQA 328 5433 347 74,440
MultiFieldQA 616 1,640 344 31,973
2Wiki 488 2,884 347 49,145
SEC Filings 344 36,834 337 52,968
Total 2,854 52,213 338 140,648

Table 2: Task domain breakdown of the benchmark
dataset. # Question: number of questions; # Chunk:
number of chunks in the corpus; Size: average chunk
size (words); Voc. Count: unique vocabulary count.

q does not meet the aforementioned format, ¢ will
be discarded.

Table 1 summarises the key methodological dif-
ferences between VERGE and existing approaches
for dataset generation.

Verifier choice and bias mitigation. We use
Gemma2-9B (Riviere et al., 2024) as the primary
verifier. Because LLM-as-judge evaluation can
exhibit self-favouring bias (Zheng et al., 2023; Pan-
ickssery et al., 2024; Wang et al., 2024), generators
span three model families (Llama 3.2-3B (Meta,
2024), Ministral-8B (Mistral Al, 2024), Gemma2-
9B), so the accepted set is not tied to a single gen-
eration distribution, and verifier decisions are vali-
dated against three human annotators and four addi-
tional judges spanning open and frontier families.

3.4 VERGE Dataset

Our dataset consists of 2,854 multiple-choice multi-
chunk questions across six different task domains:
four datasets from LongBench datasets (Bai et al.,
2024; Huang et al., 2021; Yang et al., 2018; Ho
et al., 2020) and additionally incorporate UK
Covid-19 Inquiry document (UK Covid-19 Inquiry,
2026) and SEC Edgar filings (Loukas et al., 2021).
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Table 2 demonstrates the dataset statistics on differ-
ent task domains. Our iterative verification frame-
work yielded an acceptance rate of 26%, resulting
in 2,854 verified questions from 11,052 candidates,
with 326 questions successfully refined.

The 2,854 MCQ items constitute the primary
VERGE dataset; two open-ended variants derive
from it and are described together with their evalu-
ation protocol in Section 4.1.2.

3.5 Dataset Quality Evaluation Criteria

To evaluate dataset quality, we conduct a human an-
notation study and instrument-level discriminative-
ness evaluation. Firstly, a human annotation study,
performed by three independent ML practition-
ers blind to question source, serves four purposes
across our experiments: (1) to validate the VERGE
verifier’s assessments against human judgement,
(2) to empirically compare the VERGE dataset
against Guinet et al. (2024) on QA integrity and
distractor quality, (3) to characterise the quality dif-
ference between refined and non-refined questions
(Section 5.2), and (4) to validate the GPT-40 judge
used in the open-ended evaluation against human
labels (Section 4.1.2).

Each annotator evaluates an identical set of QA
pairs, presented in randomised order to reduce or-
der effects, on (a) Complete Multi-Hop, (b) QA
Integrity, and (c) distractor quality (1-5 Likert
scale). We report Cohen’s x (Cohen, 1960) for
verifier-human agreement, Fleiss’ x (Fleiss, 1971)
(binary) and Krippendorft’s o (Krippendorff, 2004)
(nominal) for inter-annotator agreement, and Chi-
squared (Pearson, 1900) / Mann-Whitney U (Mann
and Whitney, 1947) for cross-dataset comparison.
More details of the annotation study are in Ap-
pendix B.

Secondly, we assess instrument-level discrim-
inativeness: the degree to which a benchmark’s
questions actually reward retrieval rather than be-
ing answerable from a model’s parametric knowl-
edge. We quantify this with the Oracle-Closed
gap, defined as the difference in solver accuracy
between the Oracle setting (question, answer can-
didates, and ground-truth supporting chunks C)
and the Closed-book setting (question and answer
candidates only, no retrieved context): Ap.c =
AcCOracle — AcCCClosed- A Well-constructed retrieval
benchmark should be difficult to answer without
context (low Closed-book accuracy) and reliably
answerable when the supporting evidence is sup-
plied (high Oracle accuracy). A large Ag.c there-

fore indicates that performance is driven by the
retrieved evidence rather than by memorised para-
metric knowledge. We report Ao_c averaged across
the four solver models, and use it both to com-
pare VERGE against the prior dataset and to at-
tribute quality gains to individual pipeline com-
ponents. We acknowledge that defining quality
through solver performance introduces a degree of
circularity. Therefore, we treat Ap.c as comple-
mentary to the human evaluation above and rely
on the strict-subset and chunk-removal protocols
for the orthogonal claim that the dependence is
multi-chunk.

3.6 RAG Experiment Configuration

We employ four open language models; Llama3.1-
8B (Grattafiori et al., 2024), Ministral-8B,
Gemma2-9B and Qwen3.5-9B (Qwen Team, 2026)
to solve the VERGE dataset. The model selection
is guided by two criteria: architectural diversity
and computational efficiency. For retrieval com-
ponents, we evaluate five configurations: Closed-
book and Oracle serve as a lower and upper bound
of the experiment, Dense: Utilising bge-large-en-
vl.5 (Xiao et al., 2024) embedding model with
vector similarity search, Sparse: Implementing
BM25 algorithm (Robertson and Zaragoza, 2009),
and Hybrid with Reranker: Ensemble of dense
and sparse retriever and reranking using ms-marco-
MiniLM-L-2-v2 (Reimers and Gurevych, 2019;
Wang et al., 2020) cross-encoder model. We ex-
plore three chunk size configurations (512, 2,048,
and 4,000 characters) with top-k = 5, and eval-
uate both standard and Chain-of-Thought (CoT)
prompting (Wei et al., 2022). We adapt the CoT
prompts from Zhuang et al. (2024). For a multiple-
choice format, we employ point-wise accuracy
metric to evaluate the performance of the RAG
pipelines. For an open-ended format, our primary
measure is an LLM judge (GPT-40 (OpenAl et al.,
2024)) that scores each generated answer for cor-
rectness against the reference answer a*; we vali-
date the judge against human annotation. Token-
level F1 against the reference serves as a conserva-
tive surface-overlap lower bound, since it cannot
register whether a fluent answer reflects multi-hop
synthesis and is insensitive to valid paraphrase;
BERTScore (Zhang et al., 2020) was excluded be-
cause its IDF-weighted overlap is largely decorre-
lated from multi-hop correctness and compresses
the Oracle-Closed separation we aim to measure.
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Passed Failed K Method QA Integrity Distractor Quality
Verifier MH QA MH QA hum Gem Guinet et al. (2024) 89.3% 2.526 + 1.047
Human (maj.) 95 97 4 66 - 090 VERGE (Ours) 97.0% 3.219 + 0.683
Gemma2-9B 100 100 2 62 090 - stat / p-value 12.8/ < 0.001 64,045.5/ < 0.001
Llama3.2-3B 99 99 4 99 0.86 0.92
Ministral-8B 8 100 O 78 0.80 0.83 . : :
GPT5 96 94 12 47 080 080 Table 4: Comparison of dataset quality between VERGE

Claude Sonnet4.5 85 81 8 72 0.76 0.66

Table 3: Verifier robustness. Passed/Failed columns:
% of human-passed / human-failed items each verifier
accepts, MH = Complete Multi-Hop and QA = QA
Integrity. x: agreement with human majority and with
Gemma2-9B.

4 Experiment Results

4.1 Dataset Evaluation
4.1.1 Verifier Agreement

Table 3 presents human validation of the VERGE
verification criteria: Complete Multi-Hop and QA
Integrity. 95.0% of these questions met the Com-
plete Multi-Hop criterion, 97.0% satisfied the QA
Integrity criterion, and 93.3% passed both crite-
ria. In contrast, among the questions that were
rejected by VERGE verifier, only 4.0% satisfied
the Complete Multi-Hop criterion and 65.7% satis-
fied QA Integrity. This large disparity shows that
the VERGE verification agent effectively filters
low-quality multi-hop questions.

Regarding agreement between human annota-
tors and the verification agent, we observe Cohen’s
kappa of 0.903 for Complete Multi-Hop, 0.865 for
QA Integrity, and 0.903 for overall pass/fail deci-
sions. Fleiss’ kappa scores were also high: 0.860
for Complete Multi-Hop, 0.813 for QA Integrity,
and 0.864 for overall pass/fail decisions. Smaller
open models (Llama3.2-3B, Ministral-8B) main-
tain high agreement with both human annotators
and Gemma2-9B (x > 0.80). Frontier models
(GPT-5 (Singh et al., 2026) and Claude Sonnet 4.5
(Anthropic, 2025b)) also achieve substantial human
agreement (k = 0.80 and 0.76), yet accept more
human-failed Complete Multi-Hop items (12% and
8%), i.e. they apply less conservative MH criteria;
Claude Sonnet 4.5 also shows the lowest agreement
with Gemma2-9B (x = 0.66).

Against the human majority on the 200 anno-
tated VERGE items, the verifier’s false positives
among accepted items are about 5% on Com-
plete Multi-Hop and 3% on QA Integrity, and its
false negatives among rejected items about 4% on
Complete Multi-Hop. The dominant false-positive

and Guinet dataset. QA Integrity reflects the proportion
of QA pairs passing binary human evaluation. Distractor
Quality is rated on a 1-5 Likert scale and reported with
standard deviation. Statistical significance is determined
via a Chi-squared test (QA Integrity) and Mann-Whitney
U test (Distractor Quality).

Token-F1 LLM-judge A (0-C)
Dataset Closed Oracle Closed Oracle F1 LLM
RAGAs 052 059 740 799 007 59

VERGE-OE 040 042 659 830 0.02 17.1

Table 5: Ag.c on VERGE-OE (n = 1,290) and RAGAs
(n =1,075), averaged across four solver models. Token-
F1: token-level F1 against the reference; LLM-judge:
accuracy in % as rated by GPT-4o.

mode is reading topical distribution as informa-
tional distribution: when one chunk largely para-
phrases another, a question drawing on both is an-
swerable from either, the same mechanism that
attenuates removal-induced degradation in the high-
similarity stratum (Table 22).

4.1.2 Comparison to Prior Work

Table 4 presents a comparative analysis between
VERGE dataset and Guinet dataset on two criteria:
QA Integrity and Distractor Quality. The VERGE
dataset achieves higher QA Integrity (97.0%) than
the Guinet dataset (89.3%), with statistical signifi-
cance confirmed by a Chi-squared test (x? = 12.8,
p < 0.001). Additionally, VERGE exhibits bet-
ter overall distractor quality, averaging 3.219 (+
0.683), compared to 2.526 (£ 1.047) for the Guinet
dataset, as assessed via the Mann-Whitney U test
(Mann and Whitney, 1947) (U = 64,045.5, p <
0.001). On these two quality metrics, the result is
notable given that the Guinet dataset was generated
using a more capable model than those employed
in VERGE.

To examine whether the result depends on the
multiple-choice format, we compare a natively gen-
erated open-ended VERGE variant (VERGE-OE,;
n = 1,290), produced by the same pipeline with
the open-ended prompts of Appendix K, against
RAGAs (Es et al., 2024) (n = 1,075) on the same
six corpora, with the same four solvers under the
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Human annotation A
Condition MH QA Both Dist. 0-C

No verif. 263 823 240 3.16£1.01 92
Verif. only 94.3 97.7 93.6 3.24+0.68 14.8
VERGE 95.0 97.0 933 322+0.68 15.1

Table 6: Three-way ablation (n=300 items per condi-
tion for human annotation, n=273 for Verif. only as a
subset of VERGE; three annotators). Human columns:
% passing (MH, QA, Both) and mean Likert (Dist. =
Distractor Quality). A: Oracle-Closed accuracy gap
(pp), averaged across four RAG models, reported in
Table 16. Inter-annotator agreement per condition is in
Table 18.

Closed-book and Oracle settings. Answers are
scored by the GPT-40 judge, validated on 100 items
against three annotators (Cohen’s xk = 0.89, 95%
CI [0.83, 0.94]; inter-annotator Fleiss’ x = 0.86),
with token-F1 as a surface-overlap lower bound;
a second open-ended evaluation, which strips the
answer options from existing MCQ items, serves
the format-agnostic ablation in Section 5.3. Ta-
ble 5 demonstrates that VERGE-OE produces a
substantially larger Oracle-Closed gap than RA-
GAs (17.1 pp vs. 5.9 pp), indicating that the re-
trieval dependence persists outside the multiple-
choice format. Token-F1 gaps are small and similar
across both datasets (0.02 vs. 0.07), consistent with
the insensitivity of surface matching to free-form
phrasing rather than with any absence of retrieval
dependence.

4.1.3 Ablation: Effect of Verification

Table 6 reports the ablation of verification by com-
paring three conditions: no verification, verification
only (first-pass acceptances), and the full VERGE
dataset. Verification accounts for the entire per-
item quality gain: Complete Multi-Hop adherence
rises from 26.3% under no verification to 94.3%
with verification, while QA integrity (82.3% to
97.7%), distractor quality (3.16 to 3.24), and the
discriminative Ag_¢ (9.2 to 14.8 pp) reach the lev-
els retained by the full pipeline.

The gain is concentrated in the multi-hop crite-
rion: verification lifts Complete Multi-Hop adher-
ence by roughly 68 pp but QA integrity by only
15 pp, because candidate generation already yields
largely factually grounded QA pairs while routinely
failing the multi-chunk requirement.

Every model’s Ag.¢c widens under verification,
and the effect is driven by improved Oracle answer-
ability (mean 64.2% to 68.4%) rather than by sup-

Standard Prompting Chain-of-Thought

Accuracy (%)

2048 4000

512 2048 4000 512

Chunk Size Chunk Size
Retrievers:
=== Dense Rerank === Sparse === Oracle === Closed

Models:
—8— Gemma2-9B -+ Ministral-8B  —#=- Qwen3.5-9B Thinking
=8- Llama3.1-8B == Qwen.5-9B

Figure 2: Accuracy in %. Results across four LLMs,
three chunk sizes (512, 2,048, 4,000 characters), three
retrievers, and two prompting strategies (Standard and
Chain-of-Thought), plus closed-book and Oracle set-
tings. For Qwen3.5-9B, Thinking denotes the thinking-
enabled variant with standard prompting.

pressed closed-book accuracy (54.9% to 53.6%),
indicating that verification makes questions reli-
ably solvable from the supporting evidence rather
than merely harder to answer from parametric
knowledge (Table 16). The pattern holds for the
two solvers that serve neither as generators nor
as the verifier, Llama3.1-8B (8.1 to 12.6 pp) and
Qwen3.5-9B (10.8 to 13.6 pp), so the widening is
not attributable to self-favouring.

4.2 RAG Performance

Figure 2 reports RAG performance. First, al-
most all RAG configurations outperform the closed-
book baseline and underperform the Oracle setting,
which supports the utility of the VERGE dataset as
a benchmark for multi-chunk evidence synthesis.
Second, CoT prompting incurs a format-specific
cost: its structured output fails to parse for a model-
dependent fraction of items, and because these
failures are not random with respect to difficulty,
accuracies over parsed items only (Table 13) are
optimistic relative to the full sample with failures
counted as incorrect (Table 14). On the full-sample
basis, standard prompting matches or exceeds CoT
across chunk sizes, and CoT overtakes it among
parsed items at the largest chunk size. Whether this
reflects better use of longer chunks by more capa-
ble models or differential parse-failure selection is
left to future work.

The controlled evidence for discriminativeness
is the within-VERGE ablation of Table 6, in which
Ao.c rises from 9.2 to 14.8 to 15.1 pp across
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conditions that share the same corpus, generators,
prompts and candidate pool. The cross-dataset
comparison against the Guinet dataset (Table 15,
Appendix H) is consistent with it: Ag.c is larger
on VERGE than on the Guinet dataset by 6.1
(Ministral-8B) to 11.6 (Qwen3.5-9B) percentage
points for every solver, and closed-book accuracy
on Guinet exceeds that on VERGE by 21 to 29 pp,
indicating that many Guinet questions are answer-
able from parametric knowledge or by eliminating
obvious distractors. Ag.c is positive in all six do-
mains, from 9.8 pp (2Wiki) to 21.3 pp (Covid).

5 Analysis and Discussion

5.1 Per-Criterion Filtering Analysis

The verification agent relies on two criteria to filter
and refine the dataset: complete multi-hop and QA
integrity. We observe asymmetry in the number of
eliminated questions per verification criteria. The
complete multi-hop criteria demonstrates higher
filtering impact, eliminating 72.1% of candidates
from the initial dataset. In contrast, the QA in-
tegrity criteria filters a comparatively modest 8.2%
of questions, suggesting that generating a question
with factual consistency is more achievable task
than multi-hop reasoning requirements. The full
results are reported in Table 9 in appendix 1.

5.2 Refinement beyond Rejection Sampling

Mechanically, the refinement loop is rejection sam-
pling with a diagnosis-conditioned proposal. A
solver-based post-hoc filter returns pass or fail per
item but the VERGE verifier additionally returns
the cause of failure, most often a chunk in Cj, that
the question does not use, and the generator re-
proposes the item conditioned on that diagnosis
(worked example in Figure 3, Appendix F). From
the same 11,052 candidates, first-pass acceptance
yields 2,528 items and refinement rescues a further
326 (11.4% of the final dataset; 260 at depth 1 and
66 at depth 2). In the human annotation study (100
unique items, three annotators), refined items ex-
hibit higher hop complexity than first-pass items
(mean required hops 3.49 vs. 2.98, with 50.0% vs.
31.3% of items requiring four or five hops; Mann—
Whitney U = 3892.5, p < 10~2), match them on
Complete Multi-Hop validity (94.7% vs. 95.0%)
and QA integrity (96.7% vs. 97.0%; p = 0.85
and p = 0.81), and show higher distractor qual-
ity (3.51 vs. 3.22; Mann—-Whitney p < 107%; Ta-
ble 17). The rescued items therefore populate the

% items

(a) Answerable closed-book 49.6
(b) Some strict subset of C; suffices 152
(c) No strict subset of Cj suffices 35.2

(©)/((b) + (¢)): full Cy required 69.8

Outcome (n = 250)

Table 7: Strict-subset ablation (n = 250; 3 < |C,| < 5;
four solvers, > 3/4 rule). Percentages are of all 250
items; (b) and (c) partition the items not in (a).

structurally hardest stratum rather than the border-
line of the first-pass distribution, and the gain in dis-
tractor quality suggests the diagnosis-conditioned
proposal also improves answer-option design. Fi-
nally, because acceptance is decided at construction
time without a solver, the retained set is fixed in-
dependently of any solver panel, and the delta to
Guinet et al. (2024), where the item set is selected
through the responses of the systems under evalua-
tion.

5.3 Validating the Multi-Chunk Requirement

We test the verifier’s Complete Multi-Hop judge-
ment against solver behaviour in six ways.

Strict-subset ablation. On a sample of 250 items
with 3 < || < 5, stratified by domain and inter-
chunk-similarity half, we solve each item under
every strict subset of C, (at most 30 per item) with
the four solvers of Section 3.6, and call a condition
answerable when at least three of the four are cor-
rect (chance ~ 5%). Table 7 categorises the items:
(a) 49.6% are answerable closed-book; (b) 15.2%
are not answerable closed-book but are answerable
from some strict subset, which we report as the
strict-necessity violation rate; and (c) 35.2% are
answerable only from the full C;. Among items
that require evidence at all, 69.8% require all of it
(72.5% in the low-similarity stratum and 67.4% in
the high-similarity stratum). Category (b) is an up-
per bound on the single-best-chunk answerability
rate, since it counts subsets of any size, and cate-
gory (a) reflects parametric answerability, which is
orthogonal to evidence structure and is what Ag ¢
measures.

Chunk-removal ablation. At full scale, provid-
ing only the single best chunk lowers MCQ ac-
curacy by 12.0% and removing one chunk from
the full context by 5.5% on average relative to the
Oracle setting (Table 19); the MCQ format par-
tially compresses this gap, since models benefit
from a 25% random baseline and can eliminate
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implausible distractors from partial information.
Re-evaluating 1,125 QA pairs open-ended, by re-
moving the answer options and scoring token-level
F1 and LLM-judge accuracy, gives single-chunk
drops of 36.0% and 15.3% respectively, substan-
tially larger than the MCQ figures: the multi-chunk
dependence is not an artefact of the MCQ format
but is partially masked by it in the primary experi-
ments.

Cross-model stress test. A stress test using GPT-
40 and GPT-40-mini (OpenAl, 2024), a family used
nowhere in the pipeline, evaluates 300 sampled QA
pairs under closed-book, single-best-chunk, one-
chunk-removed and Oracle conditions (Table 23).
McNemar’s tests (McNemar, 1947) show statis-
tically significant degradation under all partial-
context conditions for both models (all p < 10™%),
with 9-16 pp gaps between full-context and partial-
context performance. The monotonic Closed <
Single Best < One Less < Oracle order holds for
both models, consistent with the criterion captur-
ing distributed evidence dependence rather than a
verifier-specific artefact.

Similarity stratification. We stratify the eligi-
ble questions (|Cy;| > 3; n = 1,679) at the median
inter-chunk similarity (cosine = 0.83) into a low-
similarity half (n = 839, range [0.36, 0.83]) and a
high-similarity half (n = 840, range [0.83, 1.00]);
both lie within VERGE’s narrow high-similarity
band, so this is a redundancy gradient rather than a
bridge-reasoning test. In the low-similarity half, all
four models degrade monotonically under chunk
removal (single-best chunk: —3.3% to —10.1%;
one chunk removed: —1.7% to —5.1%), the ex-
pected signature of distributed dependence (Ta-
ble 22). In the high-similarity half, all four models
also degrade, but Gemma2-9B and Llama3.1-8B
are attenuated at single-best-chunk (—2.9% and
—2.3%) while Ministral-8B and Qwen3.5-9B drop
by —14.9% and —4.6%: redundancy reduces the
marginal value of each additional chunk for models
that can exploit partial context. The pooled degra-
dation is therefore carried disproportionately by
the low-similarity stratum; the multi-chunk require-
ment is strongest where inter-chunk redundancy is
lowest.

Corpus-level shortcut audit. An item could still
be answerable from a chunk outside C,. We audit
this directly: for each item we nominate the union
of the top-10 non-C, chunks returned by BM25,

dense and hybrid-with-reranker retrieval, and apply
the solver rule above to each nominated chunk on
its own. 7.2% of items are solvable from some
external chunk but not closed-book; on human in-
spection, 1.6% show consistent selection of the
same distractor when an external chunk is supplied;
and 95.2% of the items that require full context in
Table 7 admit no corpus-level shortcut.

Lexical overlap. Finally, we identify for each
item the chunk with the highest token-F1 over-
lap with the question and solve from that chunk
alone. Accuracy is 52.1% overall and reaches
75.7% in the highest-overlap quartile (Tables 20
and 21), against a construction ceiling of 100%
(every item passed QA Integrity), so lexical over-
lap explains at most part of the variance in single-
chunk answerability and does not by itself resolve
VERGE items. Together, these analyses show that
the multi-chunk dependence survives exhaustive
subset search, removal of the answer options and
off-pipeline solvers, and is strongest where inter-
chunk redundancy is lowest.

5.4 Generator Tradeoffs

Table 12 (Appendix G.4) reports wall time per re-
finement depth and monetary cost for all generators
and for Claude 4.5 Sonnet and Haiku (Anthropic,
2025a): generation completes within 645 seconds
per item depending on model size and depth, and
API usage costs under $5 per 100 QA pairs for Son-
net and under $2 for Haiku. Wall time is end-to-end
per item, since our logs do not separate generation,
verification and refinement within an iteration; the
evaluation side dominates total compute (36 re-
trieval configurations, two prompting strategies,
closed-book and Oracle, over 2,854 items). To char-
acterise the cost—yield tradeoff, we generated 200
QA pairs with a Claude pipeline (Sonnet 4.5 gener-
ator; Haiku 4.5 verifier) on the same domains and
chunks: it achieves a higher acceptance rate (63%
vs. 26%) and more first-pass acceptances (33% vs.
18%), reflecting higher initial generation quality,
while both pipelines show a monotonic increase in
average hop count with refinement depth, so the
mechanism rescues structurally complex questions
regardless of generator family and size.

6 Conclusion

We present VERGE, which moves quality con-
trol for multi-chunk RAG evaluation datasets in-
side the generation loop: an LLM-based verifier
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targets an operational multi-chunk criterion and
QA integrity at generation time, validated post
hoc by chunk-removal and strict-subset ablation,
enabling scalable curation with minimal human
intervention. Verification yields a more retrieval-
discriminative instrument than unverified genera-
tion, and diagnosis-conditioned refinement adds
yield in the structurally hardest stratum without
sacrificing quality.

Limitations

There are important inherent limitations to consider
in this study. First, as both our method and experi-
ments rely on LLMs, the quality of the dataset and
experimental outcomes is directly influenced by the
underlying model capabilities. Due to resource con-
straints, our experiments employ relatively small
open models. This choice may lead to outcomes
that differ from those obtained with larger state-of-
the-art (SOTA) models, which typically exhibit sub-
stantially stronger generation and refinement abili-
ties as previous sections collectively demonstrate.
However, our human annotation study shows that
the VERGE-generated dataset demonstrates higher-
quality QA pairs compared to the Guinet dataset,
which was generated using a larger model. Thus,
this suggests that the VERGE method would re-
main effective and potentially generate even higher
quality datasets when paired with larger SOTA
models.

Second, because (|, is topically coherent by
construction (Section 3.1), two consequences fol-
low. The construction under-samples bridge-style
chains, in which a semantically distant chunk must
be located via an intermediate fact; we do not claim
coverage of bridge reasoning, and results may not
transfer to bridge-dominated benchmarks or to iter-
ative, step-wise retrieval pipelines. Iterative retriev-
ers are not disadvantaged by VERGE items, since a
topically coherent C;, can be recovered in a single
retrieval round, but VERGE does not measure the
capability such retrievers exist for. Moreover, the
strength of the multi-chunk dependence varies with
inter-chunk redundancy: as our stratified ablation
(Appendix J) shows, removal-induced degradation
is present in both strata but is generally attenuated
in the high-similarity stratum, with the degree of at-
tenuation varying across models; the requirement is
strongest where inter-chunk redundancy is lowest.
We therefore recommend that multi-chunk abla-
tions be reported stratified by inter-chunk similar-

ity rather than pooled. We note separately that the
verifier targets an operational notion of Complete
Multi-Hop — no strict subset of chunks should
match full-context performance, with systematic
degradation under removal — rather than a formal
guarantee that no subset suffices. The corpus-level
shortcut audit is likewise conditional on the nomi-
nating retrievers, and no construction method, in-
cluding human curation, certifies the absence of
shortcuts (Min et al., 2019; Trivedi et al., 2020).

Third, while our experiments with CoT prompt-
ing demonstrated RAG performance improvements
for specific model configurations when there is no
parsing error, we did not explore these prompt-
ing techniques in the dataset generation framework.
Given the observed effectiveness of such prompting
strategies, integrating them into the dataset genera-
tion and verification process could potentially lead
to higher-quality questions.

Fourth, evaluating dataset quality remains a fun-
damental methodological challenge. We define
dataset quality in terms of discriminative power, yet
this introduces potential circularity, as the dataset’s
value is inferred from the same model performance
it is used to assess. This limitation parallels the
IRT-based approach (Guinet et al., 2024), which
optimises for informativeness post hoc via the IRT
model rather than relying on independent quality
metrics. The human annotation study remains the
primary quality anchor; Ag_c is treated as comple-
mentary and is never used to rank RAG systems
(Figure 2 ranks configurations within-solver).

Fifth, VERGE tests controlled evidence synthe-
sis over a supplied or retrieved supporting set. It
does not test behaviour under noisy retrieval, miss-
ing or conflicting evidence, stale information or
ill-formed queries, so strong VERGE scores are
not evidence of deployment reliability, particularly
in high-stakes domains.
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A Risk and Ethical Considerations

First, by operationalising "complete multi-hop rea-
soning" through a specific verifier-driven criterion,
VERGE may bias evaluation toward particular rea-
soning patterns and inadvertently penalise alterna-
tive but valid strategies, contributing to benchmark-
induced overfitting. Second, although we mitigate
self-favouring effects by using multiple generator
models, the LLM-based verifier may still encode
architectural or prompt-specific biases that influ-
ence which questions are accepted or refined. To
mitigate these risks, we position VERGE as a con-
figurable evaluation instrument rather than a univer-
sal benchmark, encourage domain- and language-
specific verifier adaptation, and release the genera-
tion, verification, refinement and evaluation code
together with all prompts and criteria (footnote 1)
to support transparency and auditing.

A.1 Licensing

The source corpora are derived from LongBench
(MIT License; Bai et al. (2024)), UK Covid-19 In-
quiry document (Open Government Licence v3.0
(OGL); UK Covid-19 Inquiry (2026)) and SEC
Edgar filings (public domain, U.S. government doc-
uments) (Loukas et al., 2021). Also, all source
datasets were used consistent with their intended
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research purposes. The language models used
- Gemma2-9B (Gemma Terms of Use), Llama
3.1/3.2 (Llama 3 Community License), Ministral-
8B (Apache 2.0), Qwen3.5-9B (Apache License
Version 2.0), GPT models (OpenAl Terms of Use)
and Claude models (Anthropic Terms of Service) -
permit research use.

B Human Annotation Study Details

The human annotation study was conducted to
evaluate the quality of the QA pairs generated by
VERGE compared to those from the Guinet et al.
(2024) dataset. Annotators were machine learning
practitioners who have MSc. degrees and were re-
cruited through the authors’ professional networks.
None of the annotators were involved in the de-
velopment of the method, experiment design, or
paper writing. All annotations were performed in-
dependently following standardised written instruc-
tions, and annotators were compensated at a fixed
hourly rate of £17 consistent with UK research as-
sistant pay. Annotators were blind to the source
of the questions and the identity of the generation
method.

Annotation Sample Size per Study Purpose.
The study serves the four purposes enumerated in
Section 3.5: (1) validating the VERGE verifier’s
decisions against human judgement, (2) comparing
the VERGE dataset against Guinet et al. (2024)
on QA integrity and distractor quality, (3) char-
acterising the quality difference between refined
and non-refined questions, and (4) validating the
GPT-40 judge used in the open-ended evaluation.
For purposes (1) and (2), annotators evaluate 300
QA pairs: 100 from VERGE-passed, 100 from
VERGE-failed, and 100 from the Guinet dataset.
The 200 VERGE items (passed and failed) addition-
ally serve as the human reference for verifier robust-
ness validation, where we compare GemmaZ2-9B
against four additional LLM verifiers: Llama3.2-
3B, Ministral-8B, GPT-5, and Claude Sonnet 4.5.
For purpose (3), annotators evaluate an additional
100 QA pairs sampled from refined and non-refined
VERGE questions. For purpose (4), annotators la-
bel 100 open-ended responses to validate the GPT-
40 judge, with agreement reported in Section 4.1.2.

B.1 Annotation Instruction

Task Overview
You will be shown a set of multiple-choice
question-answer (QA) items generated for evaluat-

ing multi-hop reasoning in Retrieval-Augmented
Generation (RAG) systems. Each QA item consists
of:

* a question,

* four answer options (one correct answer and
three distractors),

* a set of supporting document chunks.

Your task is to evaluate the quality of each QA
item according to the criteria described below. You
should base your judgments only on the informa-
tion provided in the question and the accompanying
document chunks. Please do not rely on external
knowledge beyond what is explicitly stated in the
provided context.

1. Verification Criteria

For each QA item, you will assess two binary
criteria.

(a) Complete Multi-Hop Reasoning

Determine whether the question requires synthe-
sising information from multiple document chunks
in order to reliably identify the correct answer. A
question satisfies Complete Multi-Hop if:

* The correct answer cannot be reliably deter-
mined using information from a single chunk
alone.

* Multiple chunks must be jointly considered to
resolve the question.

A question does not satisfy this criterion if:

* One chunk alone is reliably sufficient to an-
swer the question correctly.

* The question can be answered using general
knowledge without integrating the provided
chunks.

Please answer Yes or No.

(b) Question-Answer (QA) Integrity

Determine whether the designated correct an-
swer is fully supported by the provided document
chunks. A question satisfies QA Integrity if:

* The correct answer is unambiguously deriv-
able from the provided chunks.

* No factual inconsistencies or unsupported
claims are present.

A question does not satisfy this criterion if:
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* The correct answer contradicts the provided
context.

» Key information required to justify the correct
answer is missing.

Please answer Yes or No.

2. Distractor Quality Assessment

For each QA item, evaluate the quality of the
three incorrect answer options (distractors).

Rate the distractors on a 5-point Likert scale,
considering:

» Relevance: How closely the distractors relate
to the question and context.

* Plausibility: Whether the distractors appear
reasonable given partial or incorrect reason-
ing.

* Difficulty: Whether the distractors would chal-
lenge a model or reader who has not fully
integrated all required information.

Scale definition:

* 1 - Very poor (irrelevant or obviously incor-
rect)

e 2 - Poor
* 3 -Good
* 4 - Very Good

* 5 - Excellent (highly plausible and challeng-
ing)

Please assign one the score per item.
3. Annotation Guidelines

* Work independently and do not discuss your
evaluations with others.

o If unsure, select the option that best reflects
your judgment.

* Please focus on accuracy and consistency.

All responses will be anonymised and used solely
for research purposes.

C Use of AI assistants

We used Al-assisted tools to support aspects of
writing refinement and routine code implementa-
tion. Specifically, these tools were employed to
improve clarity, grammar, and to draft portions of
straightforward code that can be reliably specified
by explicit instructions. All Al-assisted outputs
were carefully reviewed, edited, and validated by
the authors. The authors retain full responsibil-
ity for the scientific content, experimental design,
correctness of the implementation, and all claims
made in this paper. The use of Al assistants did not
affect authorship attribution.

D VERGE Prompts

D.1 Question Generation Prompt

Advanced Multi-Hop Question Generation
Methodology Objective:

Generate an exceptionally challenging multiple-
choice question (1 correct answer and 3 distractors)
that demands sophisticated, interdependent reason-
ing across multiple document chunks.

Comprehensive Question Design Criteria:
1. Multi-Hop Reasoning Architecture

* Construct questions that necessitate intri-
cate information synthesis
* Enforce mandatory cross-chunk logical
dependencies
* Eliminate single-chunk solution path-
ways
* Create a complex reasoning landscape
that requires:
— Temporal reasoning
— Contextual cross-referencing
— Nuanced inference mechanisms
— Sophisticated information integra-
tion

2. Chunk Interdependency Strategies

* Mandate that NO single document chunk
reliably provides a complete answer

* Implement strategic information distribu-
tion across chunks

* Create deliberate cognitive gaps requir-
ing active reasoning

* Establish intricate logical bridges be-
tween disparate information sources
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3. Distractor Engineering Principles
Three distractors must be meticulously crafted
to exploit specific reasoning vulnerabilities:

a) Partial Information Distractor
» Leverages incomplete chunk under-
standing
» Appears superficially plausible
* Represents a common cognitive
shortcut
b) Contextual Misalignment Distractor
» Based on seemingly logical but fun-
damentally flawed reasoning
* Requires subtle comprehension of
inter-chunk relationships
» Exploits potential misinterpretation
patterns
¢) Critical Dependency Distractor
» Appears correct if crucial inter-chunk
dependencies are overlooked
* Demands highest-order reasoning to
distinguish from correct answer
» Represents a sophisticated reasoning
challenge

4. Reasoning Complexity Calibration

* Questions should require:
— Minimum {num_chunks}-step rea-
soning process
— Explicit integration of ALL provided
chunks
— Ability to distinguish nuanced infor-
mation relationships
* Difficulty Level: Advanced (Gradu-
ate/Professional Examination Standard)

5. Linguistic Precision Requirements

* Use sophisticated, academically rigorous
language

* Avoid direct chunk referencing

* Construct questions requiring active cog-
nitive engagement

 Ensure questions are solvable exclusively
through provided documentation

Output Format:

Question: [Sophisticated multi-hop reasoning chal-
lenge]

A) [Option A]

B) [Option B]

C) [Option C]

D) [Option D]

Correct Answer: [Letter one of "A", "B", "C" or
D"

* Do not generate anything else other than the
above output format

Fundamental Constraints:

* Zero reliable single-chunk solution possibili-
ties

* Mandatory full documentation utilization
* Rigorous reasoning complexity

* Linguistically sophisticated presentation

Evaluation Heuristic:
A high-quality multi-hop question successfully pre-
vents:

* Surface-level information scanning
¢ Premature answer selection

* Incomplete reasoning processes

Domain: {task_domain}
Documentation: {documentation}

Generate an advanced multi-hop reasoning
question

D.2 Verification Agent Prompt

Advanced Multi-Hop Question Verification
Methodology Objective:

You are an advanced exam question verifier special-
izing in multi-hop reasoning and comprehensive
document analysis.

Verification Objectives:

1. Multi-Hop Reasoning Verification

* Determine if the question requires syn-
thesizing information across multiple
document chunks

* Identify all necessary chunks for a com-
prehensive answer

* Detect and prevent “shortcut reasoning”
that bypasses critical information

2. Question-Answer Integrity Assessment
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¢ Evaluate the coherence and correctness
of the question and all options

* Verify that the correct answer is truly sup-
ported by the given documents

* Assess the depth and complexity of rea-
soning required

3. Chunk Utilization Analysis

* Confirm whether all provided document
chunks are essential

* Identify any unused or potentially rele-
vant chunks

* Recommend strategies to incorporate un-
derutilized information

Output Format:
Generate a comprehensive JSON response with the
following mandatory entities:

e required_chunks: List of chunk indices es-
sential for answering

* reasoning: Dictionary containing:
— unused_chunks: List of chunks not uti-
lized in the answer
— ga_integrity: Boolean for Question-
Answer Integrity Assessment

— improvement_suggestions: Recom-
mendations for exam enhancement

e confidence: 1-5 confidence scale in the as-

sessment
JSON Schema:
{
"required_chunks”: [int],
"reasoning”: {
"unused_chunks”: [int],
"ga_integrity": bool,
"improvement_suggestions”: str
+,
"confidence"”: int
}

Specific Verification Criteria:

* Multi-Hop Complexity: Assess if answering
requires integrating information from multiple
sources

e Information Completeness: Evaluate
whether all relevant document information is
meaningfully incorporated

* Reasoning Depth: Determine the level of an-
alytical thinking needed to derive the correct
answer

Guidance for Analysis:

* Critically examine each document chunk’s
contribution

 Highlight potential ambiguities or gaps in the
question-answer construct

* Provide constructive feedback for improving
exam quality and multi-hop reasoning chal-
lenge

Input Variables:

Question: {question}

Options:

A) {option_a}

B) {option_b}

C) {option_c}

D) {option_d}

Correct Answer: {correct_answer}
Documents: {chunk_text}

Fundamental Constraints:

* Generate only JSON response following the
specified schema

* Provide comprehensive analysis of multi-hop
reasoning requirements

* Ensure rigorous evaluation of question-answer
integrity

e Maintain focus on document chunk utilization
assessment

Perform comprehensive multi-hop reasoning
verification

D.3 Standard Prompt

Multiple Choice Exam Taking Methodology Ob-
jective:

You are an Al assistant taking a multiple choice
exam. Your task is to analyze the provided materi-
als and select the most appropriate answer.

Examination Process:

1. Comprehensive Document Analysis

3051



» Read the question, provided choices and
documents carefully

* Extract relevant information from all pro-
vided documentation

* Identify key concepts and relationships
within the materials

2. Choice Evaluation Framework

* Analyze each choice systematically
against the documentation

» Assess the logical consistency of each
option

* Identify the choice with strongest docu-
mentary support

3. Answer Selection Protocol

* Select the most appropriate answer based
on evidence

* Ensure selection aligns with provided
documentation

* Apply rigorous analytical reasoning to
final choice

Input Variables:
Question: {question.question}

Choices:
{formatted_choices}

Documents:
{question.documentation }

Response Format Requirements:

* You must respond with exactly one letter: A,
B,C,orD

* Do not include any explanation, period, or
additional text

¢ Just the letter of the correct answer

Examples of Valid Responses:
* A
*B
* C

*D

Fundamental Constraints:

* Generate only single letter response

* Base selection exclusively on provided docu-
mentation

* Maintain strict adherence to response format

* Ensure analytical rigor in choice evaluation

Your answer (one letter only):

D.4 Chain-of-Thought prompt

Step-by-Step Reasoning Methodology Objec-
tive:

As an assistant, your task is to answer the question
after <Question> by using the given supporting
documents. You should first think step by step
about the question and give your thought, then an-
swer the <Question>.

Response Format Requirements:

e Your answer should be after <Answer> in
JSON format

* Use key “thought” and “answer” with string
values

e The “answer” must be one of “A”, “B”, “C”,
Or ‘6D’7

* Do not output anything else

Reasoning Process:

1. Document Analysis

» Systematically examine the supporting
documents

* Extract relevant information for the given
question

* Identify key facts and relationships
2. Step-by-Step Thinking
* Break down the question into component

parts

* Connect document information to ques-
tion requirements

* Apply logical reasoning to derive conclu-
sions

3. Answer Selection

* Evaluate each choice against your rea-
soning
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* Select the most appropriate option

* Ensure selection is supported by docu-
mentary evidence

Example Responses:

Example 1:

<Question>: What is the name of this American
musician, singer, actor, comedian, and songwriter,
who worked with Modern Records and born in De-
cember 5, 19327

<Answer>:

{{“thought”:“Modern Record is a big R&B
label with artists including Etta James,
Joe Houston, Little Richard, Ike, Tina
Turner and John Lee Hooker in the 1950s

and 1960s. Little Richard is an American
musician, signer actor and songwriter,
born in December 5 1932. So the answer
is Little Richard.”,“answer”: “Little
Richard”}}
Example 2:

<Question>: Between Chinua Achebe and Rachel
Carson, who had more diverse jobs?

<Answer>:

{{“thought”:“Chinua Achebe was a Nigerian
novelist, poet, professor, and critic.
Rachel Carson was an American marine
biologist, author, and conservationist.
Chinua Achebe has 4 jobs while Rachel
Carson has 3 jobs. So the answer is Chinua
Achebe.”, “answer”: “Chinua Achebe”}}

Example 3:

<Question>: Remember Me Ballin’ is a CD single
by Indo G that features an American rapper born
in what year?

<Answer>:

{{“thought”: “Remember Me Ballin’ is the
CD singer by Indo G that features Gangsta

Boo, who is named Lola Mitchell, an
American rapper born in 1979. So the
answer is 1979.”, “answer”: “1979”}}
Input Variables:

Supporting Document:
{question.documentation }

Question:
<Question>: {question.question}
<Choices>: {formatted_choices}
<Answer>:

Fundamental Constraints:

* Generate only JSON response with specified
format

* Provide comprehensive step-by-step reason-
ing in “thought” field

* Select answer exclusively from provided
choices (A, B, C, or D)

* Base all reasoning on supporting documenta-

tion

Provide step-by-step reasoning and answer
selection

E Question Examples

Below is one arbitrarily selected question per task
domain.

E.1 Example GovReport Question

Question:

Considering the multifaceted approaches to ad-
dressing Puerto Rico’s fiscal challenges outlined
in the provided documentation, what is the most
significant factor hindering the successful imple-
mentation of long-term economic solutions?

Choices:

A) The lack of a comprehensive, integrated infor-
mation technology system for financial man-
agement.

B) The Oversight Board’s reluctance to certify
updated fiscal plans due to the impact of Hur-
ricanes Irma and Maria.

C) The Puerto Rican government’s dependence
on federal assistance and its inability to gener-
ate sufficient revenue.

D) The absence of a clear consensus among fed-

eral agencies regarding the most effective
forms of technical assistance.

Correct Answer: C
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E.2 Example HotpotQA Question

Question:

Which metropolitan area, based on commuting pat-
terns, encompasses the largest population within
the broader “Gold Coast” region of Florida?

Choices:

A) Miami-Fort Lauderdale-Miami  Beach

Metropolitan Statistical Area

B) West Palm Beach-Boca Raton-Boynton Beach
Metropolitan Statistical Area

C) Port Saint Lucie MSA

D) Sebastian-Vero Beach MSA

Correct Answer: A

E.3 Example MultiFieldQA Question

Question:

Given the Shadoks’ optimization strategies and the
BDEFS algorithm’s purpose, what is the most likely
reason the Shadoks observed a 30 solution improve-
ment near the end of the challenge after incorporat-
ing BDFS?

Choices:

A) BDEFS effectively identified and eliminated
redundant color classes, leading to a more
efficient coloring scheme.

B) BDFS’s ability to recolor vertices at larger
distances from the conflict vertex allowed for
a more nuanced exploration of the color space.

C) BDFS’s conflict minimization phase directly
addressed the limitations of the Shadoks’ ini-
tial conflict set management strategy.

D) BDFS’s use of a Gaussian random variable for
the weight function (f) significantly improved
the exploration of the solution space.

Correct Answer: B

E.4 Example SecFilings Question

Question:
Considering the evolution of U.S. assistance to
Georgia, what was the primary shift in focus ob-
served between the period immediately follow-
ing the 2008 war and the years from FY2010 to
FY2017?

Choices:

A) A transition from humanitarian aid to long-
term economic development initiatives.

B) A shift from military capacity building to pro-
moting democratic reforms and civil society.

C) A move from direct budgetary support to
funding specific security and stabilization pro-
grams.

D) A change from supporting Georgia’s partici-
pation in international peacekeeping missions
to bolstering its border security.

Correct Answer: C

E.5 Example 2Wiki Question

Question:
What motivated Louisa Ulrika’s opposition to the
marriage between Gustav and Sophia Magdalena?

Choices:

A) She believed Sophia Magdalena was unsuit-
able due to her perceived lack of intelligence.

B) She desired a political alliance with
Brandenburg-Schwedt through a marriage
between Gustav and her niece.

C) She resented the Swedish public’s preference
for Sophia Magdalena over her own preferred
candidate.

D) She felt the Swedish Queen exerted undue
influence over the decision-making process.

Correct Answer: B
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Gemma2-9B Llama3.2-3B Ministral-8B

Generated 3,670 3,712 3,670
QAs 1,025 822 1,007
Success 27.9 22.1 27.4

Table 8: Benchmark dataset question survival rate over
each LLM generators. Generated indicates the number
of generated question-answer pairs before verification.
QAs indicates the number of question-answer pairs that
passed the verification process. Success indicates the
percentage of question-answer pairs that passed the ver-
ification process.

Criteria # eliminated % eliminated
Complete Multi-Hop 7,967 72.1%
QA Integrity 902 8.2%
Both Criteria 7,885 71.3%
Format Filtering 313 2.8%

Table 9: Number of eliminated questions per verifica-
tion criteria and final formatting filtering. Initially there
are 11,052 candidate questions and survived 2,854 ques-
tions.

F Verification Process Survival Rate

Table 8 presents the survival rates of generated
question-answer pairs across the three LLMs used
for generation.

The number of surviving questions also varies
across task domains: survival is lowest for Hot-
potQA, whose source documents require synthe-
sising information across multiple documents, and
highest for GovReport, where generated questions
are more straightforward.

Table 9 provides a detailed breakdown of the
elimination process during verification, showing
the number and percentage of questions eliminated
based on each criterion. The majority of questions
were eliminated due to failing the complete multi-
hop requirement, which underscores the challenge
of generating questions that necessitate synthesiz-
ing information from multiple chunks. Addition-
ally, a significant portion of questions failed the QA
integrity criterion, indicating issues with solvability
using only the provided chunks. The final format-
ting filtering also contributed to a small percentage
of eliminations, ensuring that all surviving ques-
tions adhere to the required format for evaluation.

G RAG Implementation Details for
Reproducibility

G.1 Model Sources

We list all the model versions we used in our exper-
iments below in the table 10.

G.2 Model Parameters

For reproducibility purpose, we list language model
parameters in the table 11.

G.3 Computational Resources

All the VERGE experiments were conducted on
a MacBook Pro equipped with an Apple M3 Max
processor and 48 GB of unified memory. GPU-
accelerated computations were performed using
the integrated Apple Silicon GPU. Guinet et al.
(2024) dataset was generated by using claude-3-
5-sonnet@20240620 (Anthropic, 2024) through
Anthropic API on Vertex Al

G.4 Cost and Generator Tradeoffs

Table 12 presents the average wall time per
question-answer pair generation across different
verifier depths and models.

H RAG results details

Table 13 reports the full results of the RAG ex-
periment over successfully parsed items, with the
number of parsed items in parentheses; because of
parsing errors, each reported result has a different
total.

Table 14 reports the CoT results over the full
sample of 2,854 items with parse failures counted
as incorrect.

Table 15 presents the RAG performance compar-
ison between VERGE and Guinet dataset across
five models (Gemma2-9B, Llama3.1-8B, Ministral-
8B, Qwen3.5-9B, Claude Sonnet 4.5) and four re-
trieval configurations (Closed-book, Sparse, Dense,
Oracle). Values represent accuracy in %.

Table 16 presents the RAG performance on
the ablation study on "no verification", "verifi-
cation only" and "VERGE" settings across four
models (Gemma2-9B, Llama3.1-8B, Ministral-
8B, Qwen3.5-9B) and two retrieval configurations
(Closed-book, Oracle). Values represent accuracy
in %.

I Ablation Study on Verifier

Table 17 presents the evaluation results of refined
and non-refined questions comparison in the verifi-
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Before Refinement:

Q: Under what specific circumstances

would Broadjam be obligated to remove

user-submitted Material from public view?

Answer Candidates:

A) When a user requests removal of their own Material

B) When Broadjam receives a valid claim of copyright infringement
C) When a user reports that Material violates

Broadjam's Terms of Service

D) When Broadjam determines that Material is harmful

or offensive

Feedback: While Chunk 0 provides the necessary information,
Chunk 1 could be incorporated for a more

comprehensive understanding

Required Chunks: Chunk 0

After Refinement:

Q: A user believes their copyrighted material was posted on
Broadjam without permission. What steps should they take,
according to Broadjam's policies?

Answer Candidates:

A) Immediately contact Broadjam's Copyright Agent and request
removal.

B) File a formal copyright claim with the US Copyright Office and
notify Broadjam.

C) Contact the user who posted the infringing material directly.
D) Register with the US Copyright Office and then natify
Broadjam.

Feedback: The question and answer are well-aligned with the
provided documents.

Required Chunks: Chunk 0 and 1

Figure 3: Example of question refinement process showing improvement in satisfying the verification criteria.

Model Release  Model Path and File Name
Gemma2-9B 2024-07  bartowski/gemma-2-9b-it-GGUF
(gemma-2-9b-it-Q4_K_M.gguf)
Llama3.1-8B 2024-07  bartowski/Meta-Llama-3-8B-Instruct-GGUF
(Meta-Llama-3-8B-Instruct-Q4_K_M.gguf)
Llama3.2-3B 2024-09  hugging-quants/Llama-3.2-3B-Instruct-Q8_0-GGUF
(*q8_0.gguf)
Ministral-8B 2024-10  bartowski/Ministral-8B-Instruct-2410-GGUF
(Ministral-8B-Instruct-2410-Q4_K_M.gguf)
GPT-40 2024-05 gpt-4o
GPT-40-mini 2024-07  gpt-40-mini
GPT-5 2025-08  gpt-5
Claude Sonnet 3.5 2024-06 claude-3-5-sonnet@20240620
Claude Sonnet 4.5 2025-09 claude-sonnet-4-5
Claude Haiku 4.5 2025-09  claude-haiku-4-5
Qwen3.5-9B 2026-03  unsloth/Qwen3.5-9B-GGUF (Qwen3.5-9B-Q4_K_M.gguf)
Table 10: List of LLMs used in our experiments
Model Temperature top-p Model Iter 0 Iter1l Iter2 Cost
Gemma2-9B 0.0 0.9 Llama3.2-3B 6s 15s 27s -
Llama3.1-8B 0.0 0.9 Gemma2-9B 14s 27s 41s -
Llama3.2-3B 0.0 0.9 Ministral-8B 13s 28s 41s -
Ministral-8B 0.0 0.9 Claude 4.5 Sonnet 15s 29s 45s 4.45
GPT-40 0.0 0.9 Claude 4.5 Haiku 12s 25s 40s 1.87
GPT-40-mini 0.0 0.9
GPT-5 0.0 0.9 Table 12: Average wall time per QA pair generation
Claude Sonnet 3.5 0.0 0.9 . . .
Claude Somnet 45 0.0 0.9 across different verifier depths and models. Cost is
Claude Haiku 4.5 0.0 0.9 calculated based on the API pricing as of Nov 2025 for
Qwen3.5-9B 0.0 0.9 Claude 4.5 per 100 QAs in USD.

Table 11: Hyperparameters of the models.

cation process.

Figure 3 illustrates the mechanism on a single-
chunk question that becomes a genuine multi-hop
item once an unused chunk is incorporated. A
second case from the SEC domain shows the same
pattern at higher complexity: a question initially
answerable directly from two filing paragraphs was
refined to require cross-referencing three, raising

|Cy| from two to three.

Table 18 reports inter-annotator agreement for
the three conditions of the verification ablation (Ta-
ble 6).

J Details of Complete Multi-Chunk
Validation

Table 19 presents the complete ablation study re-
sults on multi-hop questions.
Table 20 and 21 present the results of lexical
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Gemma2-9B Llama3.1-8B Ministral-8B Qwen3.5-9B
Retriever Chunk Standard CoT Standard CoT Standard CoT Standard CoT Thinking

Closed - 53.1 55.1 52.6 45.6 49.9 52.5 57.1 58.3 56.9
(2,854)  (2,643) (2,854) (2,456) (2,854) (2,406) (2,854) (2,722) (2,854)

Oracle 4000 70.3 72.6 65.2 55.1 66.5 65.3 71.1 72.8 71.0
(2,854)  (2,604) (2,854) (2376) (2,854) (2.421) (2,854) (2,688) (2,854)

512 63.4 59.9 61.1 32.7 57.9 54.6 65.2 63.2 65.5
(2,854)  (2271) (2,854) (1,847) (2,854) (2,320) (2.854) (2,667) (2,854)

Dense 2048 65.3 63.3 58.9 50.0 57.1 57.0 66.4 64.6 66.2
(2,854)  (2354) (2,854) (2217) (2,854) (2,418) (2.854) (2,699)  (2,854)

4000 63.7 65.6 59.2 515 58.0 58.6 65.8 66.5 66.1
(2,854)  (2,445) (2,854) (2231) (2,854) (2311) (2,854) (2,702) (2,854)

512 63.3 58.9 61.1 32.1 58.3 32.7 64.9 61.8 65.4
(2,854)  (2,355) (2,854) (1,920) (2.854) (2,418) (2,854) (2,628) (2.854)

Rerank 2048 64.4 59.4 59.2 49.3 57.2 56.5 65.6 63.0 65.9
(2,854)  (2,464) (2,854) (2,052) (2.854) (2,482) (2.854) (2,693) (2,854)

4000 63.7 65.6 59.2 52.0 58.3 59.3 65.3 65.4 65.5
(2,854)  (2,407) (2,854) (2,049) (2.854) (2321) (2.854) (2,602) (2,854)

512 62.4 54.7 60.9 29.3 58.6 54.6 65.1 59.6 64.8
(2,854)  (2,332)  (2,854) (1421) (2.854) (2,393) (2,854) (2,589) (2,854)

Spase 2048 64.2 61.9 59.6 47.7 57.5 56.8 65.5 65.8 66.0
‘ (2,854)  (2,635) (2,854) (1,992) (2,854) (2,401) (2,854) (2,611) (2,854)
4000 64.1 64.5 59.6 49.4 59.0 59.2 65.7 67.0 65.7

(2,854)  (2,573) (2,854) (1,922) (2,854) (2429) (2,854) (2,712) (2,854)

Table 13: Accuracy in % with sample sizes in parentheses. Results across four LLMs, three chunk sizes (512, 2048,
4000), three retrievers, and two prompting strategies (Standard, CoT: Chain-of-Thought), plus closed-book and
Oracle settings. For Qwen3.5-9B, Thinking denotes the thinking-enabled variant with standard prompting. The best
configurations per model and prompt are indicated by bold.

Retriever Chunk Gemma2-9B Llama3.1-8B  Ministral-8B  Qwen3.5-9B

Closed - 51.0 39.2 443 55.6
Oracle 4000 66.2 459 55.4 68.6
512 47.7 21.2 44 .4 59.1
Dense 2048 52.2 38.8 48.3 61.1
4000 56.2 40.3 47.5 63.0
512 48.6 21.6 27.7 56.9
Rerank 2048 51.3 354 49.1 59.4
4000 55.3 37.3 48.2 59.6
512 44.7 14.6 45.8 54.1
Sparse 2048 57.2 33.3 47.8 60.2
4000 58.1 33.3 50.4 63.7

Table 14: Accuracy of RAG with CoT prompting with the whole sample in %. Results across four LLMs, three
chunk sizes (512, 2048, 4000), three retrievers, plus closed-book and Oracle settings. The sample size is 2,854 for
all the experiments.

Model Gemma2-9B Llama3.1-8B Ministral-8B Qwen3.5-9B Sonnet 4.5
Dataset Guinet VERGE Guinet VERGE Guinet VERGE Guinet VERGE Guinet VERGE

Closed  80.4 522 73.6 524 74.9 493 83.2 54.0 84.1 58.3
Sparse  79.9 63.1 71.2 59.2 74.2 59.0 82.7 62.3 87.5 69.8
Dense  84.1 63.6 75.1 58.8 71.8 579 85.0 62.4 91.0 70.4
Oracle 894 69.7 79.5 64.8 85.5 66.0 88.0 70.4 94.0 71.9

Aoc 9.0 17.5 59 12.4 10.6 16.7 4.8 16.4 9.9 19.6

Table 15: RAG performance comparison between VERGE and Guinet dataset across five models (Gemma2-9B,
Llama3.1-8B, Ministral-8B, Qwen3.5-9B, Claude Sonnet 4.5) and four retrieval configurations (Closed-book,
Sparse, Dense, Oracle). Values represent accuracy in %; the last row is Ag.¢ in percentage points. Guinet: n =
1,000 on the same task domains as VERGE; VERGE: n = 2,854.
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Retriever Gemma2-9B Llama3.1-8B  Ministral-8B  Qwen3.5-9B  Average
Closed 54.4 54.2 54.2 57.0 54.9
No verif. Oracle 64.7 62.3 61.8 67.8 64.2
Gap 10.3 8.1 7.6 10.8 9.2
Closed 53.8 52.4 50.2 58.0 53.6
Verif. only  Oracle 70.3 65.0 66.6 71.6 68.4
Gap 16.6 12.6 16.4 13.6 14.8
Closed 53.1 52.6 49.9 57.1 532
VERGE Oracle 70.3 65.2 66.5 71.1 68.3
Gap 17.2 12.6 16.6 14.0 15.1

Table 16: RAG performance on the ablation study on "no verification",

non

verification only" and "VERGE" settings

across four models (Gemma2-9B, Llama3.1-8B, Ministral-8B, Qwen3.5-9B) and two retrieval configurations
(Closed-book, Oracle) with the chunk size of 4000. Values represent accuracy in %. The "Gap" row indicates the
difference in accuracy between the Closed-book and Oracle settings for each model and setting, with the average

gap calculated across all models.

Metric Refined Non-Refined
MH validity 94.67% 95.00%
QA integrity 96.67% 97.00%
Distractor quality  3.51 (& 0.60) 3.22 (£ 0.46)

Table 17: Evaluation of Refined vs. Non-Refined Ques-
tions (n=100 per dataset). Standard deviations are re-
ported for the distractor quality metric.

Condition @ MH QA Both  Dist.
No verif. 0.873 0.705 0.825 0.710
Verif. only 0.850 0.807 0.835 0.783
VERGE 0.860 0.813 0.864 0.788

Table 18: Inter-annotator agreement for the verification
ablation: Fleiss’ x for MH, QA and Both; Krippen-
dorff’s « for distractor quality (Dist.).

overlap analysis. Table 22 presents the stratified
chunk-removal ablation results. Table 23 presents
the results of cross-model stress test on GPT-40
and GPT-40-mini.

K Open-ended Question Answer
Generation

K.1 Open-ended Question Answer
Generation Prompt

Multi-hop Open-ended Question Generation

Objective:

Generate challenging open-ended questions requir-
ing complex multi-hop reasoning across multiple
documentary sources for comprehensive knowl-
edge assessment.

Fundamental Requirements:

1. Questions must necessitate synthesis across
all provided documentary chunks

2. Answer derivation must be impossible using
only subset of chunks

3. Reference answers must demonstrate explicit
multi-hop reasoning chains

4. Questions should elicit analytical, compara-
tive, or causal reasoning

Targeted Question Categories:

* Analytical: “Analyze the relationship be-
tween X and Y based on provided informa-
tion”

* Comparative: “Compare and contrast ap-
proaches described in documentation”

* Causal: “Explain how X leads to Y, consider-
ing all mentioned factors”

* Synthesis: “Construct an argument for/a-
gainst based on all provided information”

e Evaluative: “Evaluate effectiveness of X con-
sidering mentioned constraints”

Multi-hop Reasoning Patterns:

1. Chain Reasoning: Information(Chunk A) —
Understanding(B) — Explanation(C)

2. Convergent Reasoning: Multiple chunks pro-
vide complementary aspects converging to
unified conclusion
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Gemma2-9B Llama3.1-8B Ministral-8B Qwen3.5-9B

One Chunk removed 66.3
(-4.7%)

Single Best Chunk 61.6
(-11.6%)

62.7 61.8 64.5
(-3.2%) (-6.4%) (-7.6%)
59.0 56.2 61.1
(-9.0%) (-14.8%)  (-12.4%)

Table 19: Ablation study results on multi-hop questions. The table shows the accuracy (%) of RAG systems when
one chunk is removed from the retrieved set and when only one chunk is provided, compared to the full multi-hop
setting. The percentage decrease in accuracy from the full multi-hop setting is indicated in parentheses.

Metric Value
Mean max F1 (best chunk)  0.200
Median max F1 0.174
Single-best-chunk accuracy  52.1%
Lexical-Oracle gap 47.9%

Table 20: Lexical Overlap Analysis

Quartile F1 Range Accuracy
Q1 (lowest overlap) [0.00,0.13] 38.5%
Q2 [0.13,0.17] 41.1%
Q3 [0.17,0.23] 53.4%
Q4 (highest overlap)  [0.23,0.96] 75.7%

Table 21: Accuracy by Lexical Overlap Quartile

3. Comparative Integration: Contrasting infor-
mation across chunks to derive insights

4. Conditional Dependencies: If-then relation-
ships spanning multiple documentary sources

Input Parameters:

Domain: {task_domain}

Documentation (all chunks mandatory for utiliza-
tion):

{documentation }

Output Format Specification:

Question: [Complex open-ended question requir-
ing multi-hop reasoning]

Reference Answer: [Comprehensive answer
demonstrating information synthesis from all
chunks, minimum 3-5 sentences]

Reasoning Steps: [Key reasoning process steps]

Quality Criteria:

» Requires deep understanding and synthesis of
all chunks

* Contains clear, comprehensive reference an-
swer

* Prevents shortcut solutions or partial informa-
tion usage

* Encourages sophisticated reasoning processes

Generate only specified output format

K.2 Open-ended Question Answer
Verification Prompt

Multi-hop Reasoning Verification Framework

Objective:

Perform comprehensive verification of multi-hop
reasoning requirements for open-ended questions
through systematic analysis.

Verification Dimensions:

1. Multi-hop Reasoning Verification

* Determine necessity of cross-chunk informa-
tion synthesis

* Identify all chunks required for complete an-
swer formulation

* Detect potential reasoning shortcuts bypass-
ing multi-hop requirements

2. Answer Completeness Assessment

* Verify comprehensive synthesis of required
information

* Validate explicit multi-hop reasoning demon-
stration

* Ensure answer non-derivability from chunk
subsets

3. Chunk Utilization Analysis
* Confirm essentiality of all provided chunks
* Identify insufficiently integrated chunks

* Assess cross-chunk integration depth
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Low similarity
Gemma Llama Ministral

Condition

High similarity

Qwen Gemma Llama Ministral Qwen

Full (baseline) 62.8 59.1 57.8
One Chunk removed  61.7 56.3 55.2

(-1.7%) (-4.7%) (-4.5%)

Single Best Chunk 60.7 56.8 53.1

65.1 63.1 60.3 62.2 66.2
61.8 62.0 57.8 519 65.6
(-51%) (-1.7%) (-4.1%) (-16.6%) (-1.0%)
58.6 61.3 589 53.0 63.2

(-3.3%) (-4.0%) (-82%) (-10.1%) (-2.9%) (-2.3%) (-14.9%) (-4.6%)

Table 22: Stratified chunk-removal ablation. Accuracy (%) split by inter-chunk similarity stratum. Percentage
change from the full-chunk baseline within each stratum is shown in parentheses.

GPT-40 GPT-40-mini
Closed 54.7% 51.0%
Single Best Chunk 60.3% 53.0%
One Chunk Removed 63.3% 60.0%
Oracle 76.0% 69.3%

Table 23: Cross-Model Stress Test: Accuracy under
Partial Context Conditions for GPT-40 and GPT-4o-
mini.

4. Improvement Recommendations

e Multi-hop failure: Suggest comprehensive
chunk incorporation strategies

* Answer incompleteness: Recommend

completeness-enhancing details

¢ Chunk underutilization: Propose integration
enhancement methods

Input Variables:

Question to Verify: {question}
Reference Answer: {reference_answer}
Source Documents: {chunk_text}

Output JSON Schema:
{

"required_chunks”: [list of essential
chunk indices],
"reasoning”: {
"multi_hop_required”: boolean,
"answer_completeness”: boolean,
"shortcut_possible”: boolean,
"unused_chunks": [list of
underutilized chunk indices],
"improvement_suggestions"”:
(mandatory)
1,

"confidence": integer (1-5 scale)

string

3

Critical Constraints:
Ensure question non-answerability through:

¢ Partial chunk utilization

* General knowledge without documentary evi-
dence

* Surface-level reading without synthesis

Output JSON response exclusively

K.3 Open-ended Question Answer
Regeneration Prompt

Multi-hop Question Regeneration Protocol

Objective:

Regenerate open-ended questions to satisfy com-
prehensive multi-hop reasoning requirements based
on verification feedback.

Regeneration Context:
Original Question: {original_question}
Original Answer: {original_answer}

Verification Feedback:

* Unused Chunks Requiring Incorporation:
{unused_chunks}

* Specific Improvement Requirements: {sug-
gestions}

Regeneration Requirements:

1. Mandate information utilization from all pro-
vided chunks

2. Prohibit answerability using chunk subsets

3. Ensure clear, comprehensive reference answer
formulation

4. Demonstrate genuine multi-hop reasoning
pathways
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5. Eliminate shortcuts and surface-level reason-
ing possibilities

Input Parameters:
Domain: {task_domain}
Documentation:
{chunk_text}

Output Format Specification:

Question: [Improved question requiring all
chunks]

Reference Answer: [Comprehensive answer syn-
thesizing all chunks, 3-5 sentences]
Improvements Made: [Brief description of feed-
back incorporation]

Quality Assurance Criteria:
* Complete feedback incorporation
 All chunk utilization verification
* Multi-hop reasoning pathway clarity

* Answer comprehensiveness validation

Generate improved question addressing all
feedback

K.4 Open-ended Question Answer Example

K.4.1 Example GovReport Question

Question:

Analyze the legal challenges faced by students ac-
cused of sexual misconduct in public universities,
considering the due process concerns outlined in
the provided documentation. How do these chal-
lenges relate to the university’s responsibility to
ensure fairness and transparency in disciplinary
proceedings?

Reference Answer: Students accused of sexual
misconduct in public universities face significant
legal challenges related to due process violations.
The documentation highlights several key issues,
including inadequate notice of charges, limited op-
portunity to prepare a defense, and unfair review
processes for appeals. Courts have recognized that
universities must provide students with timely and
comprehensive notice of allegations, a meaning-
ful opportunity to respond, and access to evidence
used against them. Furthermore, universities must

ensure that appeal processes are fair and transpar-
ent, providing students with adequate notice of new
evidence, the opportunity to respond, and a chance
to present their case orally. Failure to uphold these
principles can result in a deprivation of a student’s
liberty interest without due process of law.

K.4.2 Example HotpotQA Question

Question:

Analyze the evolution of loan modification pro-
grams in the context of the housing crisis, compar-
ing and contrasting the approaches taken by the
state court RMFM program, the Middle District
Bankruptcy Court’s LMM program, and the Fannie
Mae/Freddie Mac SMP. What factors contributed
to the success or failure of each program?

Reference Answer: The housing crisis spurred var-
ious loan modification programs. The state court
RMEFM program, while aiming to provide alterna-
tives to foreclosure, ultimately failed due to a lack
of enforcement and cooperation from lenders. In
contrast, the Middle District Bankruptcy Court’s
LMM program, with its stricter requirements and
focus on mediation, achieved higher success rates.
The Fannie Mae/Freddie Mac SMP, a fast-track pro-
gram, aimed to reduce monthly mortgage payments
to 38% of gross income, offering a more standard-
ized approach to affordability. The success of the
LMM program highlights the importance of strong
enforcement mechanisms and lender accountabil-
ity, while the SMP’s standardized approach demon-
strates a different strategy for addressing affordabil-
ity challenges.

K.4.3 Example MultiField QA Question

Question:

Analyze the authors’ approach to dialect identi-
fication in the context of the challenges and ad-
vancements discussed in the provided documenta-
tion. How does their two-stage pipeline address
the complexities of distinguishing between similar
languages and dialects, and what evidence do they
provide to support its effectiveness?

Reference Answer: The authors propose a two-
stage pipeline for dialect identification, consisting
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of a language identification (LID) model followed
by language-specific dialect classification models.
This approach addresses the challenge of distin-
guishing between similar languages and dialects
by first accurately identifying the language of the
input text, then leveraging language-specific mod-
els for more precise dialect classification. They
demonstrate the effectiveness of their pipeline by
achieving top performance in both tracks of the
VarDial 2023 DSL-TL shared task, outperforming
other participants and previous works. Their re-
sults, including a 58.54% accuracy in Track-1 and
85.61% in Track-2, provide strong evidence for the
superiority of their two-stage approach.

K.4.4 Example SecFilings Question

Question:

How does PetroCorp’s approach to asset mainte-
nance and drilling strategies, as described in their
forward-looking statements, aim to mitigate the in-
herent volatility of oil and gas markets, particularly
the fluctuations in prices, as outlined in their risk
factors?

Reference Answer: PetroCorp acknowledges the
volatile nature of the oil and gas market, recogniz-
ing that prices are susceptible to fluctuations due to
supply and demand, market uncertainty, and exter-
nal factors beyond their control. To mitigate these
risks, the company emphasizes a two-pronged ap-
proach. Firstly, PetroCorp prioritizes maintaining
its property, plant, and equipment in good operat-
ing condition, as stated in their forward-looking
statements. This proactive asset management strat-
egy aims to minimize operational disruptions and
ensure efficient production, thereby reducing the
impact of price volatility on their operations. Sec-
ondly, PetroCorp emphasizes careful planning and
execution of drilling activities, aiming to optimize
production while acknowledging the uncertainties
inherent in estimating reserves and production rates.
This cautious approach to exploration and produc-
tion helps to manage the risks associated with fluc-
tuating oil and gas prices. By combining these
strategies, PetroCorp seeks to navigate the volatile
oil and gas market while maximizing its operational
efficiency and profitability.

K.4.5 Example 2WikiMultiHopQA Question

Question:

Analyze the evolution of Wheatstone’s contribu-
tions to communication technology, considering
both his successes and the controversies surround-
ing his work. How did his inventions impact the
development of telegraphy and public perception
of technological advancements?

Reference Answer: Wheatstone’s contributions
to communication technology were multifaceted,
ranging from the chronoscope for precise time mea-
surement to the groundbreaking invention of the
electric telegraph. While he faced accusations of
plagiarism from Alexander Bain, his work on the
telegraph, particularly the single-needle instrument,
revolutionized communication speed and efficiency.
The public’s embrace of the telegraph, exemplified
by its use in capturing John Tawell, solidified its
importance. However, the controversy surrounding
his collaboration with Cooke highlighted the com-
plexities of invention and recognition in a rapidly
evolving technological landscape.

3062



