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Abstract

Reliable evaluation of open-ended question an-
swering remains a bottleneck for measuring
the factual competence of modern LLMs. Un-
like multiple-choice tasks, free-form answers
may be correct in many surface forms and may
fail in qualitatively different ways, including
incompleteness, contradiction, overgeneration,
and acceptance of false premises. Existing
judgment-based and similarity-based metrics
often collapse these distinctions. We address
this gap with three reusable contributions. First,
we introduce a fine-grained semantic correct-
ness taxonomy that assigns Open-QA answers
to eight ordered classes, separating verbose-but-
correct answers from answers contaminated
by hallucinated content. Second, we release
CAP-Correctness, a 10k-example benchmark
spanning widely used QA datasets, and CAP-
Statements, an 11k-example dataset for con-
verting QA pairs into declarative statements
for NLI training and statement-based evalua-
tion. Third, we introduce CAP, Context-Aware
Precision, a reference-based metric that scores
question-conditioned statements using bidirec-
tional NLI. Under a monotonicity protocol that
tests whether metrics respect the taxonomy’s in-
tended ordering, CAP outperforms established
baselines. We release our data and code at
http://anonymous.for.review

1 Introduction

Open-ended question answering (Open QA) is a
long-established task requiring systems to gener-
ate free-form answers to factual questions across
diverse domains (Fan et al., 2019). Despite ad-
vances in Large Language Models (LLMs), pro-
ducing accurate answers remains difficult, making
Open QA a rigorous benchmark for factual recall,
reasoning, and answer generation. Yet the open-
ended nature of these answers makes automatic
correctness evaluation a persistent bottleneck. Un-
like multiple-choice question answering (MCQA),
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Figure 1: Comparison of QA evaluations, including our
proposed CAP.

where answers are restricted to fixed options, Open
QA allows many distinct correct answers. These
responses may differ substantially from a reference
answer while still being factually correct or seman-
tically equivalent.

A prediction can be correct while sharing few to-
kens with the reference (Bulian et al., 2022), while
a lexically similar prediction may omit required
information, add unsupported claims, or contradict
the gold answer. Fig. 1 illustrates this limitation:
similarity-based metrics may reward contradictory
answers while penalizing paraphrased correct ones.
Evaluating Open QA, therefore, requires modeling
correctness beyond textual similarity.

These shortcomings of existing protocols have
also become apparent in shared-task evaluations.
ClinIQLink 2025 (Colelough et al., 2025) exposes
this problem in clinical QA: BLEU (Papineni
et al., 2002) fails to recognize correct paraphrased
answers, leading organizers to introduce a task-
specific semantic scoring scheme. Similarly, Ara-
HealthQA 2025 (Alhuzali et al., 2025) reveals a par-
allel issue in Arabic health QA, where open-ended
answer generation is evaluated using BERTScore
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(Zhang et al., 2020), despite organizers noting that
such automatic metrics do not fully capture the ap-
propriateness or trustworthiness of the proposed
answers.

More broadly, even QA-specific evaluation pro-
tocols often reduce generated answers to exact-
match scores or binary accept/reject judgments.
This is too coarse for Open QA, where candidate an-
swers can fail in qualitatively different ways: they
may be incomplete, overinclusive, unsupported,
contradictory, or based on a false premise (Kamal-
loo et al., 2023; Adlakha et al., 2024; Yao and
Barbosa, 2024). Collapsing these cases into a sin-
gle binary label obscures what kind of answer the
system produced, especially for LLM outputs that
mix correct content with extraneous explanations,
qualifications, or unsupported details.

A natural alternative is to use LLMs themselves
as judges, since they can provide more flexible
semantic assessment. However, LLM-as-a-judge
methods are costly to run at scale, sensitive to
prompting choices, less reproducible, and affected
by known biases such as position and verbosity
effects (Zheng et al., 2023; Shi et al., 2024). These
limitations motivate a reproducible evaluation pro-
tocol that treats the correctness of open-ended an-
swers as a structured semantic problem.

To bridge the gap, we propose a fine-grained se-
mantic correctness taxonomy for reference-based
Open QA evaluation. Rather than reducing gen-
erated answers to binary correct/incorrect labels,
the taxonomy defines eight classes that distinguish
semantic relations among candidate answers, refer-
ence answers, and questions. This enables more di-
agnostic evaluation by identifying not only whether
an answer is correct, but how it relates to the ex-
pected answer.

Building on this taxonomy, we introduce CAP,
a semantic correctness framework for Open QA
evaluation. Given a question, a gold answer, and
a predicted answer, CAP reformulates each ques-
tion—answer pair as a question-conditioned declar-
ative statement and compares the resulting state-
ments using bidirectional natural language infer-
ence (NLI). The taxonomy labels are mapped to
an ordinal scoring scheme that aligns with human
judgments of answer quality, enabling CAP to cap-
ture degrees of correctness beyond binary evalua-
tion.

To evaluate this setting, we construct CAP-
Correctness, a 10k-example semantic correctness
benchmark derived from OpenBookQA, ARC, and

MMLU (Mihaylov et al., 2018; Clark et al., 2018;
Hendrycks et al., 2021). The benchmark covers
diverse domains, question formats, and answer
relations, with human verification. Since CAP
applies NLI to declarative statements rather than
raw question—answer pairs, we also construct CAP-
Statements, an 11k-example dataset for question-
conditioned QA-to-statement reformulation, and
manually evaluate the reliability of the generated
statements.

Using these resources, we compare CAP against
lexical-overlap, embedding-based, and learned se-
mantic metrics by testing whether their scores
preserve the intended ordering of correctness cat-
egories. Across comparisons, CAP achieves
stronger semantic ranking alignment, higher pair-
wise ordering accuracy, and fewer monotonicity
violations, indicating that it better reflects the
taxonomy’s intended correctness ordering than
similarity-based alternatives.

Our contributions are as follows:

* We propose a semantic correctness taxon-
omy for Open QA evaluation: an eight-
class structure for fine-grained annotation of
valid, partial, overinclusive, invalid,
and contradictory model outputs, aligned
with human judgement.

¢ We introduce CAP, a reference-based eval-
uation framework that scores answers via
question-conditioned statement reformulation
and NLI-based semantic comparison.

* We construct CAP-Correctness (10k exam-
ples), a semantic correctness benchmark with
human-validated answer labels, and CAP-
Statements (11k examples), a dataset for train-
ing and evaluating QA-to-statement reformu-
lation.

* We establish a monotonicity-based evaluation
protocol that tests whether metric scores re-
spect the intended ordering of semantic cor-
rectness categories, and show that CAP out-
performs traditional metrics.

2 Related Work
2.1 NLI-based Evaluation

Natural language inference has been used to eval-
uate generated answers beyond lexical similar-
ity. Chen et al. (2021) formulate QA verifica-
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Figure 2: Correctness taxonomy for Open QA and monotonicity criterion. We define eight answer classes, ordered
from most to least correct. A metric is considered higher quality if its mean score decreases monotonically across

this ordering.

tion as an entailment problem over questions, ev-
idence, and predicted answers, treating correct-
ness as an entailed-or-not decision. Building on
this, Honovich et al. (2022) benchmark NLI-based
and QA-based metrics across eleven factual con-
sistency datasets, finding large-scale NLI to be
among the strongest evaluation approaches. La-
ban et al. (2022) further show that decomposing
documents into sentence-level units before apply-
ing NLI yields more reliable inconsistency detec-
tion, motivating fine-grained statement-level eval-
uation. Zha et al. (2023) unify NLI, QA, and fact-
verification signals into a single alignment function
that achieves GPT-4-level factual consistency scor-
ing. Chen and Eger (2023) demonstrate that NLI-
based metrics are more robust than embedding-
similarity metrics under meaning-changing pertur-
bations, providing evidence that directional infer-
ence captures semantic content more faithfully than
symmetric similarity.

These approaches establish NLI as a principled
basis for semantic evaluation, but they largely pro-
duce binary or undifferentiated outputs: a predic-
tion either entails the reference or does not. CAP
instead scores statements bidirectionally with a
weighted neutral term, yielding a continuous score
that separates equivalence, incompleteness, and
overgeneration within a single forward pass. We
further introduce a monotonicity benchmark that
tests whether a metric’s scores respect the order-
ing induced by our correctness taxonomy, enabling
systematic comparison between CAP and prior met-
rics.

2.2 Correctness Taxonomies for Open QA

Early Open QA evaluation relied on exact match
or lexical overlap, which systematically misclas-
sifies paraphrased correct answers as wrong and
rewards surface-similar incorrect ones (Papineni
et al., 2002; Lin, 2004). Kamalloo et al. (2023)
show that these metrics underestimate true QA
accuracy by over 50% on modern LLM outputs
and that existing learned evaluators also fail on
free-form answers. Xu et al. (2023) argue that
single-score evaluation of long-form answers is
inadequate: metrics must target separable dimen-
sions such as factuality, completeness, and co-
herence rather than collapsing them into one sig-
nal. Adlakha et al. (2024) extend this critique to
instruction-following models, showing that correct-
ness and faithfulness are empirically distinct di-
mensions that standard binary evaluation conflates.

More recent work has moved toward graded cor-
rectness and answer equivalence. Bulian et al.
(2022) propose entailment-based answer equiva-
lence criteria that accept any answer containing at
least all required content without misleading addi-
tions. Yona et al. (2024) demonstrate that standard
evaluation systematically penalizes overspecific
correct answers, and introduce multi-granularity
evaluation that separates overspecific and under-
specific correctness along distinct axes. Yao and
Barbosa (2024) organize Open-QA answers into an
NLI-based entailment hierarchy and assign partial
or bonus credit to answers that are more general or
more specific than the gold answer.

For evaluating verbose LLM-generated answers,
however, these schemes share three limitations.



First, they are developed and evaluated primarily
on short factoid QA datasets, leaving their transfer
to multi-facet or multi-passage answers uncertain.
Second, none explicitly separates a correct answer
accompanied by valid elaboration from a correct
answer contaminated by hallucinated content—a dis-
tinction central to evaluating modern LLM outputs.
Min et al. (2023) address the related problem of
factual precision in long-form text by decompos-
ing outputs into atomic facts and verifying each
independently, but this approach operates at sub-
sentence granularity and does not yield an answer-
level correctness class. Third, existing partial-
credit mechanisms either rely on LLM-generated
intermediate reasoning to estimate inference diffi-
culty (Yao and Barbosa, 2024), or on token-level
overlap, tying the score to surface form rather than
to direct semantic relations between expected and
predicted answers.

CAP addresses these gaps directly.  We
extend the correctness taxonomy to eight
classes by adding overinclusive-valid and
overinclusive-invalid categories that capture
the verbose behavior characteristic of modern
LLM outputs, making the evaluation diagnostic:
a correct but verbose answer should not be
penalized the same way as a correct answer
contaminated by hallucinated content. Rather than
eliciting post-hoc reasoning for partial credit, CAP
derives a continuous score from bidirectional NLI
probabilities over question-conditioned declarative
statements, tying the score directly to semantic
compatibility and completeness.

3 Proposed Taxonomy for OpenQA

We define semantic correctness as the relation be-
tween a predicted answer and a gold answer un-
der the same question context. To evaluate an
open-ended answer, exact matching is only the sim-
plest case: a prediction may repeat the gold answer
verbatim, giving an exact answer, or express the
same meaning with different wording, giving an
equivalent answer. However, Open QA often
allows answers that are correct and differ greatly
from the reference. For example, for a question
such as Name three cities in Europe, many com-
pletely different sets of cities may still be correct;
we treat these as alternative-correct answers
Fig. 2.

Model responses can fail or deviate from the
target answer in distinct ways. A partial an-

swer provides only some of the required informa-
tion, such as naming two cities when three are
requested. An overinclusive-valid answer in-
cludes extra information beyond the request, but
the added content is accurate and relevant—for
example, briefly describing the cities’ locations.
If the response contains the correct answer but
also introduces an unsupported or false claim,
such as listing a non-European city, it becomes
overinclusive-invalid. Other predictions may
directly contradict the gold answer or the question
premise, giving a contradictory answer, while
remaining mistakes that do not fit these cases are la-
beled invalid (Fig. 2). These distinctions also de-
fine an expected ordering of answer quality, shown
in Eq. (1). Fully correct answers should receive
higher semantic correctness scores than incomplete
answers, and incomplete answers should generally
score above answers that introduce false informa-
tion or contradict the question. We formalize this
expectation as a monotonicity property, which is
used throughout our evaluation.

exact > equivalent = alternative-correct
> overinclusive_valid > partial
> overinclusive_invalid

> invalid > contradictory.
ey
Some neighboring distinctions, especially be-
tween partial and overinclusive-valid an-
swers, may be context-dependent; nevertheless,
the ordering captures the dominant preference ex-
pected in reference-based QA evaluation.

4 CAP-QA Framework

An NLI model maps an ordered statement
pair (sq,sp) to a distribution over three labels—
entailment, neutral, and contradiction. We write
Sq — sp for the directed inference from premise
s, to hypothesis sy, and obtain these probabilities
from a pretrained NLI classifier (see App. C.2).

CAP Design. Given a question ¢, a gold answer
g, and a predicted answer p, we first generate
corresponding declarative statements s(q, g) and
s(q, p). CAP then measures the semantic relation-
ship between the generated statements using bidi-
rectional entailment scoring. Let s, := s(q, g) and
sp = s(q, p). For these statements, we define a



directional score:

D(s, = sp) := 2)

Pentailment(sg — Sp) + )\Pneutral(sg — Sp),

where A\ € [0, 1] controls the contribution of the
neutral class. CAP is then defined as:

CAP(ngsP) = (3)
aD(s, = sp) + (1 —a)D(sp — s;) ,

where a € [0, 1] balances semantic compatibil-
ity and semantic completeness.

The bidirectional formulation allows CAP to dis-
tinguish between semantically equivalent and se-
mantically incomplete answers by incorporating
entailment in both directions between the gold and
predicted statements. In our experiments, we use
o = 0.85 and A = 0.30. These values were se-
lected via a sweep on a held-out subset of CAP-
Correctness; moderate neutral weighting combined
with asymmetric scoring jointly maximizes seman-
tic ranking. The full sweep is reported in App. C.3.

Statement Generation. To reformulate ques-
tion—answer pairs into declarative statements for
NLI evaluation, we fine-tune an mT5-based seq-
to-seq model (Xue et al., 2021) on our statement
generation dataset described in §5. Fine-tuning
details are provided in §5 and App. C. On the held-
out test set, the model achieves strong surface-form
agreement with the references: 96.64 BLEU, 98.08
ROUGE-L, and 76.7% Exact Match. Manual in-
spection confirms that most non-exact outputs pre-
serve the intended meaning, making the generated
statements suitable for downstream NLI evaluation.

Boundedness. CAP is a convex combination of
two directional scores D € [0, 1] and therefore
yields a continuous score CAP(s,,s;) € [0, 1].
Full derivation is given in App. A.

5 Dataset Construction

We instantiate our evaluation framework with two
complementary datasets: (1) CAP-Correctness,
a semantic evaluation benchmark annotated using
our proposed correctness label set, and (2) CAP-
Statements, a dataset for reformulating question—
answer pairs into declarative statements for NLI-
based evaluation. Details on dataset acquisition,
annotation, and statistics are provided in App. B.

Dataset Train Val. Test
CAP-Correctness - - 10346
CAP-Statements 8800 1100 1100

Table 1: Dataset statistics.

5.1 Semantic Correctness Benchmark

CAP-Correctness contains 10,346 [question, gold
answetr, candidate answer, correctness label] exam-
ples from OpenBookQA, AI2 ARC, and MMLU,
spanning elementary through undergraduate-level
questions. Candidate answers and labels are pro-
duced by an LLM-assisted pipeline, with a 573-
example subset (5.5%) re-labeled by human an-
notators against the same taxonomy. Human-—
LLM agreement is substantial (Tab. 7: Cohen’s
k = 0.716, quadratic-weighted x = 0.714), con-
firming that the synthetic labels reliably track hu-
man judgements of semantic correctness. Full an-
notation protocol, along with statistics is provided
in App. B.3.

CAP-Statements is a collection of 11,000 [ques-
tion, answer, statement] triples, where each state-
ment preserves the semantic content of its corre-
sponding question—answer pair. The dataset spans
four question types (Tab. 8); among these, long-
form items with multi-sentence context are the
hardest reformulation regime, since several sen-
tences must be compressed into a single declarative
claim. This makes CAP-Statements a non-trivial
benchmark for statement generation as well as a
natural supervision source for QA-to-statement re-
formulation (Demszky et al., 2018). Details on
construction and human validation are provided in
App. B.5.

6 Experiment Design

We evaluate whether CAP and existing automatic
metrics preserve the semantic-correctness ordering
induced by our taxonomy (Eq. (1)). The compari-
son covers widely used metrics from three families:
Lexical overlap: BLEU, ROUGE-L, METEOR
(Banerjee and Lavie, 2005). Contextual embed-
ding: BERTScore (F1). Learned semantic regres-
sion: COMET (Rei et al., 2020).

For each metric we report the exact model check-
point and version used in App. C.

6.1 Research Questions

Our experiments are designed around three re-
search questions:



* RQ1 (Moneotonicity) For every class pair
(¢i,cj) with ¢; > ¢; in our taxonomy, does
a mean metric score on ¢; exceed the mean on
Cj?

* RQ2 (Local separability) Do metrics dis-
tinguish neighboring taxonomy classes that
are especially challenging for surface- and
embedding-based scorers?

* RQ3 (Generalization to LL.M outputs) Does
CAP preserve these properties on free-form
answers generated by state-of-the-art LLMs,
rather than only on the semi-synthetic answer
variants in CAP-Correctness?

6.2 Evaluation Measures

For every gold—prediction—label triple (g, p,c) €
CAP-Correctness, a metric m produces a score
m(g,p) € [0, 1]. We evaluate whether these scores
respect the semantic correctness ordering in Eq. (1)
using four complementary measures. Rank cor-
relation measures global agreement between met-
ric scores and taxonomy ranks using Spearman’s
p and Kendall’s 7. Pairwise ranking accuracy
reports the fraction of class-ordered answer pairs
for which the metric assigns a higher score to the
more correct answer (random baseline 0.5). Mono-
tonicity violations count class pairs whose mean
metric scores invert the expected taxonomy order.
Hard neighboring-pair accuracy restricts pair-
wise accuracy to adjacent, locally difficult class
contrasts in Eq. (1). Full definitions are provided
in App. C.1.

6.3 Implementation Details

CAP scores are computed with cross-encoder/
nli-deberta-v3-large over declarative state-
ments produced by an mT5-base generator fine-
tuned on the CAP-Statements training split. CAP-
Correctness is used exclusively as a held-out eval-
uation benchmark for the metric comparisons in
§7.1-§7.3; §7.4 additionally evaluates CAP on an
independent set of LLM-generated answers to the
same questions. Full checkpoint pins, baseline ver-
sions, and bootstrap details are in App. C.2.

7 Results

7.1 CAP against Established Metrics

Tab. 2 reports the headline comparison. CAP oper-
ates in a markedly different regime from the base-
lines. Lexical metrics and BERTScore remain close

to the 0.5 pairwise-accuracy baseline and show
weak rank correlations, suggesting that surface-
form and embedding similarity provide little signal
for our taxonomy’s ordering. COMET performs
better than this near-random band, but still recovers
only part of the ordering, consistent with its ten-
dency to merge answer relations that our taxonomy
distinguishes. CAP achieves the strongest rank
correlation by a wide margin and raises pairwise
accuracy into a clearly informative range.

Metric Spearman p Kendall 7 Pairwise Acc.
BLEU 20.24 14.45 55.06
ROUGE-L 26.31 19.00 56.36
METEOR 23.94 17.06 56.81
BERTScore 24.13 16.77 59.09
COMET 33.71 24.46 63.33
CAP 60.69 46.94 75.58

Table 2: Correlation and pairwise ranking accuracy be-
tween metric scores and semantic correctness ordering.

The per-pair separability profile in Tab. 3 places
this gain on a difficulty axis: CAP is near-perfect
on distant class pairs and degrades smoothly as the
pair becomes more local.

Comparison CAP AUC
Exact > Invalid 98.47
Partial > Invalid 95.24
Equivalent > Invalid 92.25
Equivalent > OV 79.47
Partial > OI 90.60
OV > 0l 69.08

Table 3: Pairwise semantic separability of CAP across
semantic correctness categories.

The next two subsections decompose this pic-
ture at the class-mean level (§7.2) and at the per-
example level on the hardest neighbors (§7.3).

7.2 Monotonicity Analysis

At the class-mean level, CAP also preserves the
taxonomy'’s ordering, not just its global rank cor-
relation. The per-pair separability profile in Tab. 3
shows that CAP is near-perfect on distant class
pairs and degrades smoothly toward the local ones,
and Fig. 3 makes the geometry visible: CAP’s per-
class distributions form largely distinct bands on
the score axis, while COMET’s collapse into a
narrow overlapping region. Across the 27 strictly
ordered class pairs, lexical metrics and BERTScore
invert roughly half, COMET inverts 9/27, and



CAP reduces this to 4/27, with the remaining inver-
sions concentrated on alternative-correct and
the partial / overinclusive-valid pair. Full
counts, per-class means, and mechanism analysis
are in App. D.1.
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Figure 3: Label semantic distribution.

7.3 Hard Neighboring-Pair Evaluation

While monotonicity captures the ordering at the
class-mean level, pairwise accuracy on neighbor-
ing class pairs (Tab. 4) tests whether the ordering
holds at the per-example level on the hardest con-
trasts. Most baselines collapse to or below chance
here, confirming that their above-baseline global
behavior in Tab. 2 is carried by easy pairs at the ex-
tremes of the ordering—equivalent vs. invalid,
exact vs. contradictory—and not by the gen-
uinely hard distinctions in the middle of the taxon-
omy.

The overinclusive-valid vs. partial com-
parison is the most informative failure case. All
metrics except METEOR fall below chance on this
pair, with CAP showing the largest reversal. This
is a direct consequence of CAP’s asymmetric bidi-
rectional formulation (§4): partial answers retain
high g — p entailment along the heavily-weighted
direction (o = 0.85), while overinclusive-valid an-
swers reverse this asymmetry. Tab. 17 and Fig. 3

Metric Eq > Part OV > Part OV > OI Alt > Inv
BLEU 32.45 45.95 34.16 38.41
ROUGE-L 19.40 21.81 27.90 37.27
METEOR 37.26 63.71 35.91 41.59
BERTScore  42.45 26.59 31.12 57.59
COMET 38.85 21.96 41.40 61.61
CAP 57.14 14.30 69.08 72.54

Table 4: Pairwise ranking accuracy on hard neighboring
semantic distinctions. OV = overinclusive-valid, Ol =
overinclusive-invalid, Alt = alternative-correct, Inv =
invalid.

confirm the resulting inversion across both label
sources. This pair is excluded from monotonicity
scoring because the taxonomy treats it as ambigu-
ous, but it remains the clearest diagnostic of CAP’s
design tradeoff: the same asymmetry that helps
CAP elsewhere makes it near-inverted on this axis.

Per-unit entailment over atomic semantic decom-
positions could expose this asymmetry more di-
rectly than whole-statement NLI; we discuss this
further in §9.

7.4 Evaluation against LLM outputs

To assess external validity, we test whether our
eight-class taxonomy captures how current LL.Ms
answer open-ended questions and whether CAP’s
class-mean ordering holds for model-generated an-
swers. We collect zero-shot responses from GPT-
40, Gemini 2.0 Flash, and Qwen3-8B-Instruct on
a random sample of 1,000 CAP-Correctness ques-
tions. Human annotators then label each response
according to the taxonomy (see App. B.1).

Model Exact  Partial (0) § Contradictory
GPT-40 93.18 35.64 - 19.89
Gemini Flash 87.30 50.22 37.88 23.40
Qwen 3 91.18 39.95 33.91 10.40

Table 5: Mean CAP score on human-labeled LLM-
generated answers, grouped by assigned correctness

class. “~” indicates the model produced no answers in
that class.

The resulting annotations support both
claims. First, LLM responses populate nearly

all eight taxonomy classes:
model-class combination is GPT-40 in the
overinclusive-invalid class. This suggests
that the proposed categories capture real model
behavior, not only CAP-Correctness reference-
answer structure. Second, for each of the three
models, the mean CAP score by class follows the

the only missing



expected ordering among the relevant classes ,
matching the pattern observed on CAP-Correctness.
Thus, the monotonicity result from §7.2 extends to
model-generated answers.

8 Discussion

8.1 Alignment with Human Judgement

The empirical claim we make for CAP is that its
scores follow the semantic correctness ordering
induced by our taxonomy. Because both the order-
ing and the class labels of CAP-Correctness were
produced by humans, this correspondence is, indi-
rectly, a correspondence with human judgement:
the taxonomy was designed on the basis of how
candidate answers can differ from a reference, and
the per-example labels were validated by human
annotators against that same taxonomy (App. B).
The monotonicity, pairwise accuracy, and ranking
measures of §6 therefore assess alignment with a
human-defined target.

The “ground truth” against which we bench-
mark metrics is itself constructed and inherits
both the design choices of our taxonomy and the
subjectivity of human annotation. We view this
not as a flaw but as the unavoidable structure of
semantic evaluation: there is no taxonomy-free
notion of how correct an open-ended answer is.
What the framework provides is an explicit, in-
spectable target ordering, against which any can-
didate metric—CAP, BLEU, COMET, or future
learned alternatives—can be benchmarked on equal
footing. The goal of the present work is corre-
spondingly two-fold: (i) to show that CAP fol-
lows this human-defined ordering, and (ii) to show
that it does so more reliably than existing met-
rics. The ablation in Tab. 13 shows that nei-
ther bidirectionality nor the neutral-class weight-
ing can be removed without degrading p by 3-22
points, and the error analysis (App. E) confirms
that the alignment holds under human labels and
breaks down only on alternative-correct and
the partial/overinclusive-valid pair.

8.2 CAP as a Standalone Classifier

A natural next step is to use CAP not only as a
scorer but also as the labeler. Because CAP pro-
duces a continuous score in [0, 1] that empirically
separates the taxonomy classes (Fig. 3), one can de-
fine class boundaries directly on the score axis—for
example, [0, 0.125) for contradictory, [0.125, 0.25)
for invalid, and so on up to the equivalent regime

near 1. Calibrating these thresholds on CAP-
Correctness would yield a label-free evaluator that,
given a question, a gold answer, and a prediction,
returns both a continuous score and a taxonomy
class.

This protocol also generalizes beyond CAP. A
natural evaluation recipe for any future seman-
tic correctness metric would be: (i) re-use CAP-
Correctness as the benchmark, (ii) re-use the taxon-
omy ordering as the monotonicity target, and (iii)
calibrate the metric’s own thresholds on the same
labeled data. Under this protocol, CAP-Correctness
becomes a shared substrate for comparing semantic
correctness metrics, independent of CAP itself.

9 Conclusion and Future Work

We introduce a correctness taxonomy for Open QA
evaluation and CAP, an NLI-based scorer for it.
CAP roughly doubles the rank correlation of the
strongest existing baseline against the taxonomy
ordering.

The framework’s value extends beyond the score
itself. As a continuous scorer, CAP can replace
BLEU, ROUGE, or BERTScore in Open QA
pipelines. Its class-mean geometry also serves as a
diagnostic of LLM answer style—the proportion of
a model’s outputs that are partial, overinclusive,
or contradictory is information that binary cor-
rectness collapses. With threshold calibration, CAP
functions as a label-free classifier returning both a
score and a taxonomy class. The released datasets
are reusable in their own right: CAP-Correctness
as a labeled corpus future metrics can train against,
and CAP-Statements as a QA-to-statement refor-
mulation resource.

Several directions remain open for future
work. Splitting answers into smaller subcom-
ponents and scoring entailment over each could
resolve the bidirectional-NLI artefact on the
overinclusive-valid / partial axis; stronger
NLI backbones with broader world knowledge
could close the alternative-correct ceiling;
and multilingual NLI checkpoints could port the
framework off English. The taxonomy itself is not
fixed either: as LLMs evolve and Open QA ex-
pands into new domains, the categories that mean-
ingfully partition model behavior will shift. CAP-
Correctness and the monotonicity protocol support
adding, splitting, or merging classes accordingly,
rather than treating the current eight as final.



Limitations

CAP inherits the limitations of reference-based,
whole-statement NLI evaluation. It can struc-
turally invert the partial/overinclusive-valid
distinction, since partial answers are often entailed
by the gold answer, while verbose valid answers
often entail the gold but are not entailed by it. It can
also under-score alternative-correct answers
when a valid prediction satisfies the question with-
out entailing the single reference answer, making
CAP dependent on the NLI model’s world knowl-
edge.

Our benchmark is currently limited to English
educational QA datasets derived from multiple-
choice sources, with synthetic candidate answers
and labels generated by a closed LLM-assisted
pipeline. Although we validate a subset with hu-
man annotators, only a small portion of CAP-
Correctness is human-labeled and examples are
singly annotated, so we do not estimate inter-
annotator agreement. The statement-generation
step is another bottleneck, especially for long-
context inputs, where reformulation errors can
propagate directly into CAP scores.

Finally, CAP is also more computationally ex-
pensive than lightweight metrics, since each score
requires statement generation and two NLI passes.
The taxonomy assigns one label per answer, while
real outputs may combine several correctness di-
mensions, such as partial correctness and unsup-
ported extra information.

Ethics and Broader Impact

Copyright and Licensing. The correctness and
statements datasets are derived from publicly avail-
able educational benchmarks—OpenBookQA, AI2
ARC, and MMLU-that permit non-commercial re-
search use. The derivatives retain only the ques-
tion—answer content and annotations required for
semantic evaluation and are intended strictly for
non-commercial research.

Ethics and Data Privacy. The source material
consists of general-knowledge and academic ques-
tions and contains no personal, sensitive, or person-
ally identifiable information. No student records,
user identities, or private data are present, and the
annotations are limited to educational QA content,
posing no privacy risk.

Human Annotation. Validation labels were col-
lected from human annotators under the conditions

described in App. B.1.
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A Boundedness of CAP

We show that CAP(s,,sp) € [0, 1] for any pair of
statements (sS4, Sp).

Since NLI probabilities sum to one for any or-
dered statement pair,

Pentailment(sa — Sb) + Pneutral(sa — Sb)
+ Prontradiction (Sa — 8p) = 1.

“4)

and each probability lies in [0, 1]. Subtracting the
contradiction term, which itself lies in [0, 1],
(5)

0< Pcontradiction<sa — Sb) <1

as A € [0, 1], this yields

0 S Pentailment(sa — Sb) + )\Pneutral(sa — Sb)
=D(s, —+sp) < 1. (6)

Because CAP is a convex combination of two di-
rectional scores D(s, — sp), D(sp — s4) € [0, 1]
with weight « € [0, 1],

0 < CAP(sq,sp) < L (7

CAP attains its maximum when both directional
entailment scores approach 1, corresponding to
semantically equivalent statements, and approaches
0 when the NLI model assigns high contradiction
probability in both directions.

B Datasets details

B.1 Annotation

Human annotation is used at three points in
this work: validating a 573-example subset of
CAP-Correctness against the eight-class taxonomy
(App. B.3), validating 1,353 generated declarative
statements from CAP-Statements (App. B.5), and
labeling the LLM-generated answers used in §7.4.
All three annotation tasks were performed by the
same two annotators.

Annotator profile. Both annotators hold bach-
elor’s degrees and certified C1-level English pro-
ficiency, and are therefore qualified to judge the
educational-level QA content used in our bench-
marks.

Compensation and consent.  Annotators were
compensated at 3 times the average pay according
to their demographic region. Prior to annotation,
they were informed of the purpose of the task, the
intended research use of their labels, and the public
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release of the resulting datasets and labels, and pro-
vided consent on these terms. The annotated con-
tent consists exclusively of educational questions
and candidate answers and contains no sensitive,
offensive, or distressing material.

B.2 Statement Generation Dataset

Instructions. Annotators received written guide-
lines containing the relevant taxonomy (Tab. 6 for
the correctness tasks, Tab. 10 for statement valida-
tion), one worked example per class, and a short
calibration batch before live annotation began.

Assignment. Each example is assigned a sin-
gle label by one annotator. We do not double-
annotate and therefore do not separately estimate
inter-annotator agreement; the agreement figures
reported in Tab. 7 measure human-LLM agreement,
which is the quantity of interest for validating the
synthetic labeling pipeline.

Effort. Across the three tasks, each annotator
spent approximately 12 hours on annotation.

B.3 CAP-Correctness

Generation Pipeline For each [question,
gold_answer] pair from the source corpora, the
generation pipeline produces a single candidate
answer. Generation is controlled to yield an
approximately balanced distribution over the
semantic labels describing the relationship
between the gold answer and the predicted
answer. Each label is instantiated with a separate
prompt, conditioned on both the class definition
in Tab. 6 and the original gold answer. As a
result, cases such as overinclusive-valid and
overinclusive-invalid are generated through
explicit, class-specific instructions rather than left
to model discretion. We use the Claude Haiku 4.5
API. The prompt template and per-class instruc-
tions are given in App. B.4. This class-conditioned
setup explains the near-uniform per-class counts
in Fig. 4, in contrast to the long-tailed distribution
expected from sampling natural model outputs.

Distribution. Tab. 6 lists the full set of correct-
ness labels with their definitions, and Fig. 4 reports
the resulting per-class counts on the 10,346 exam-
ples. The distribution is approximately balanced
across all eight categories, with no class accounting
for more than ~13% of the corpus, so downstream
metric comparisons are not dominated by any sin-
gle class. Acquisition per dataset is reported in



Fig. 5.

Label Definition

exact Semantically identical to the gold an-
SWer.

equivalent Same meaning expressed through lin-

guistic variation or paraphrasing.
Different but still semantically cor-
rect answer.

alternative-correct

partial Contains only part of the required in-
formation.

overinclusive-valid  Correct answer with additional valid
information.

Correct answer with additional incor-
rect information.

Semantically incorrect answer.
Explicitly contradicts the gold answer
or question premise.

overinclusive-invalid

invalid
contradictory

Table 6: Semantic correctness labels used in the CAP
evaluation benchmark.

Label Distribution (N=10,346)

Contradictory 1179 (11.4%)

Invalid 1295 (12.5%)

Overinclusive Invalid 1331 (12.9%)

Overinclusive Valid 1331 (12.9%)

Alternative Correct 1331 (12.9%)

Partial 1337 (12.9%)
Equivalent 1332 (12.9%)
Exact 1210 (11.7%)

T T T
500 1000 1500
Number of Examples

Figure 4: Distribution of semantic correctness labels in
CAP-Correctness.

Validation Protocol The 573-example human
validation uses the same eight-class taxonomy as
the LLM-assisted pipeline (Tab. 6); annotation con-
ditions and protocol are described in App. B.1. Be-
cause each example receives a single human label,
the figures in Tab. 7 quantify human—LLM agree-
ment rather than inter-annotator agreement, which
is appropriate for validating the synthetic labeling
pipeline.
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Dataset Distribution (N=10,346)

mmlu 1857 (17.9%)
openbookqa 3300 (31.9%)
ARC-Easy 5190 (50.2%)

0 2000 4000 6000

Number of Examples
Figure 5: Questions Acquisition Statistics

Interpretation. The values reported in Tab. 7
fall in the substantial agreement range under the
Landis—Koch convention. The similarity between
unweighted (Tab. 7 « 0.716) and quadratic-
weighted (x = 0.714) agreement further suggests
that weighting disagreements by their distance in
the taxonomy does not materially change the agree-
ment estimate. In other words, the observed dis-
agreements are not simply near-misses between
neighboring categories. We take this as evidence
that the synthetic labels broadly align with human
semantic judgments under the proposed taxonomy.
However, this agreement does not by itself validate
the taxonomy as a model of correctness; that is a
separate question, which we return to in §8.

Agreement Metric Score
Cohen’s 71.57
Linear weighted x 70.29
Quadratic weighted x  71.36

Table 7: Human-LLM agreement on a 573-example val-
idation subset of the semantic correctness benchmark.

B.4 Candidate-Answer Generation Prompt

Design. The candidate-answer generator uses a
single prompt template instantiated once per tar-
get class. Each call receives the question, the gold
answer, the target class name, the class definition
from Tab. 6, and one class-specific instruction from
Tab. 18. Two design choices follow from the struc-
ture of the taxonomy. First, conditioning gener-
ation on the gold answer (rather than asking the
model to produce its own gold) is what allows
the overinclusive classes to be split cleanly into
the valid- and invalid-extras variants: the model is
told both what to preserve and what kind of extra



content to add. Second, the class-specific instruc-
tion is the only component that varies across the
eight calls per item, which keeps the input/output
schema and the surface-form constraints constant
across classes and avoids confounding the class
signal with formatting drift.

Prompt template. The template below is sent
for every (q, g, c) triple; bracketed placeholders
are filled per call.

SYSTEM:

f"Label: label” f"Definition:
label_descriptions[label]” "For each
item below, generate one answer
matching the label definition above.”
"Return ONLY a valid JSON array of
strings, one answer per item, in the
same order."” "No explanation, no extra
text — just the JSON array.”

f"Items: json.dumps(items, indent=2)"
"JSON array:"

B.5 CAP-Statements
B.5.1 Generation Pipeline

Source-free synthesis. Unlike CAP-Correctness,
which augments existing benchmark questions with
candidate answers, CAP-Statements is generated
from scratch. We prompt Claude Sonnet 4.6 to pro-
duce [question, answer, statement] triples directly,
conditioning each call on (i) a target academic sub-
ject from Fig. 7 (general knowledge plus the seven
academic subjects) and (ii) a target question type
from Tab. 8. This two-axis conditioning is what
yields the balanced subject and question-type dis-
tributions reported in Figs. 6 and 7; free-form sam-
pling would otherwise collapse onto short factoid
questions in dominant subjects.

Statement as supervision target. The generator
is instructed to produce the declarative statement
Jjointly with the question and answer, rather than re-
formulating an existing question—answer pair post
hoc. This guarantees that every training exam-
ple contains a statement that faithfully encodes
the same proposition expressed by the question—
answer pair, removing one source of label noise
from the supervision used to fine-tune the mT5-
base reformulator.

Sampling and deduplication. We sample with
temperature 1.0 and top_p = 0.95 to encourage
lexical diversity, issuing one API call per (subject,
question-type) cell and generating in batches until
the target cell count is reached. Exact duplicates
and near-duplicates (normalized-text Jaccard > 0.9
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on the question field) are removed. The resulting
11,000 triples are split into 8,800 / 1,100 / 1,100
for train / validation / test (Tab. 1).

Prompt template. The template below is sent
for every (subject, question-type) cell; bracketed
placeholders are filled per call.

SYSTEM:

You generate training examples for a
question-to-statement reformulation
model. Each example is a JSON object
with exactly three fields: question,
answer, and statement.

The statement must be a single
declarative sentence that expresses the
same proposition as the question-answer
pair, with no question marks, no
second-person address, and no
meta-commentary (e.g., do not write
“the answer is. . .”).

Output ONLY the JSON object, with no
preamble or surrounding text.

USER:

Subject: {subject}

Question type: {question_type}
Question-type definition:
{question_type_definition}

Generate one (question, answer,
statement) triple in the specified
subject and following the specified
question type. Constraints:

- The question must match the surface
form of the specified type (see
definition above).

- The answer should be a phrase or short
sentence; do not explain or justify it.
- The statement must be a single
grammatical declarative sentence and
must contain all the semantic content
of the question-answer pair, with no
extra information.

- For the blank-spaces-task type, the
statement must fill in the blank
explicitly (no underscores remain).

- For the long-question type, the
statement must compress all contextual
sentences and the question into one
declarative clause.

- Do not produce duplicates of
well-known textbook examples (e.g.,
“What gas do plants release during
photosynthesis?” already exists in the
dataset).

The {question_type_definition} place-
holder is filled from Tab. 8; the subject placeholder
is drawn uniformly from {general knowledge,
Biology, Physics, History, Geography, Chemistry,
Mathematics, Computer Science} with a target
proportion of 56.2% general knowledge and
~ 6.3% each for the academic subjects, matching
the distribution in Fig. 7.



The four question types are listed with defi-
nitions in Tab. 8 and with concrete instances in
Tab. 9. The short-question type covers di-
rect factoid questions, sentence-to-complete
covers completion-style prompts, long-question
covers items where the question is preceded
by one or more sentences of context, and
blank-spaces-task covers cloze-style items with
explicit blanks. Long-question items are the most
demanding regime for reformulation, since multi-
ple sentences of context must be compressed into
a single declarative claim while preserving the
question—answer relation.

Label Definition

Direct factual question.

Sentence completion or prompt-style
question.

Question preceded by contextual de-
scription or introductory sentences.
Question or statement containing
blank spaces that must be filled.

short-question
sentence-to-complete

long-question

blank-spaces-task

Table 8: Label question type used in CAP-Statements

Label Example

What gas do plants release during
photosynthesis?

The sun is responsible for...

I have a shirt that is now too small,
what can I do to conserve and reuse
the fabric?

Light bends when it passes from air
into at an angle.

short-question

sentence-to-complete
long-question

blank-spaces-task

Table 9: Examples for each question type used in CAP-
Statements.

Distribution Fig. 6 reports the question-type dis-
tribution across the 11,000 triples. The four types
are approximately balanced—no type accounts for
more than 27.4% of the corpus—ensuring that the
statement generator is exposed to all reformulation
regimes during training rather than being biased
toward the easier short-question setting.

Subject distribution CAP-Statements skews
heavily toward general-knowledge questions
(56.2%), with the seven remaining academic
subjects—Biology, Physics, History, Geography,
Chemistry, Mathematics, and Computer Science—
each contributing 5-7% (Fig. 7). The mix spans
both STEM and humanities content without any
technical subject dominating, so the statement gen-
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Label Distribution (N=11,000)

Short Question 3019 (27.4%)

Sentence to Complete 2741 (24.9%)

Long Q. with Context 2593 (23.6%)

Blank Spaces Task 2647 (24.1%)

T T
0 2000 4000

Number of Examples

Figure 6: Distribution of question-type labels in CAP-
Statements.

erator is not over-specialised to a single domain.

Subject Label Distribution (N=11,000)

Computer Science 556 (5.1%)

Mathematics 566 (5.1%)
Chemistry 696 (6.3%)
Geography 705 (6.4%)
History 706 (6.4%)
Physics 790 (7.2%)
Biology 801 (7.3%)

General Knowledge 6180 (56.2%)

0 2000 4000 6000

Number of Examples

Figure 7: Distribution of subject labels in CAP-
Statements.

Validation Protocol. To evaluate the quality of
the resulting statement reformulations, we manu-
ally annotate a randomly sampled subset of 1,353
generated declarative statements (12.3% of CAP-
Statements); annotation conditions and protocol
are described in App. B.1. Each generated state-
ment is assigned one of four labels—correct, syntac-
tic, semantic, or wrong—following the taxonomy in
Tab. 10.

Aggregated across question types (Fig. 8), the
manual labels indicate that the statement generation
pipeline is generally reliable: 90.0% of generated
statements are labeled correct, with isolated seman-
tic (1.3%) and syntactic (1.2%) errors both rare.
The largest error category is wrong at 7.5%, which
by inspection consists overwhelmingly of cases
where the model returns a near-verbatim concate-



Label Definition

correct  The generated statement preserves the full se-
mantic meaning of the original question—answer
pair without introducing grammatical or seman-
tic errors.

The generated statement contains syntactic or
grammatical construction errors, but the under-
lying semantic meaning remains preserved.

The generated statement changes or distorts
the semantic meaning of the original question—
answer pair.

The generated statement fails as a faithful declar-
ative reformulation, due to severe grammatical
errors, semantic corruption, or both.

syntactic

semantic

wrong

Table 10: Human evaluation taxonomy for generated
declarative statements.

nation of the question and the answer rather than a
properly reformulated statement; the residual syn-
tactic errors are dominated by omitted determiners
(most often the) and minor agreement mistakes that
do not alter the underlying meaning. These patterns
suggest the dominant failure mode is undertraining
on harder reformulation cases rather than system-
atic semantic distortion.

Statement Label Distribution

syntactic 41.2%
semantic {1.3%
wrong 7.5%
correct 90.0%
I T T T T T
0% 20% 40% 60% 80% 100%

Percentage (%)

Figure 8: Errors in statements generation

This aggregate picture obscures one impor-
tant asymmetry across question types: long-
question items are substantially harder for the
reformulator than the other three. As re-
ported in Tab. 15, 32.9% of long-question state-
ments are labeled wrong and 9.6% are la-
beled semantic, compared to a combined er-
ror rate below 1% on sentence-to-complete
and blank-spaces-task. The practical conse-
quence is that CAP’s downstream reliability is
question-type dependent: it is well-supported
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by the statement generator on short-question,
sentence-completion, and blank-spaces items, and
degraded on long-context items, where statement-
reformulation errors propagate into the NLI scoring
stage. We treat this as a limitation of the current
statement generator rather than of the CAP frame-
work itself, and discuss in §9 natural directions
for closing the gap—scaling the long-question train-
ing partition, or replacing mT5-base with a larger
sequence-to-sequence reformulator.

C Experiment Details

C.1 Evaluation Measure Definitions

Rank correlation. We compute Spearman’s p
and Kendall’s 7 between metric scores m(g, p)
and the integer ordinal rank r(c), treating tied
taxonomy ranks (e.g., exact ~ equivalent =~
alternative-correct) using the standard mid-
rank convention.

Pairwise ranking accuracy. Following the ran-
dom baseline of 0.5, pairwise accuracy is defined
as

PairAcc(m) =
i.e., the fraction of class-ordered pairs on which
the metric assigns a higher score to the more cor-
rect answer. Pairs (a,b) are sampled such that
r(cq) > r(cp) under the strict (non-tied) part of the
taxonomy ordering.

E(a5)~D [L{m(a)>m@)}), @)

Monotonicity violations. Let ., (c) denote the
mean metric score on class c. The taxonomy
induces 27 strictly ordered class pairs (exclud-
ing the single ambiguous comparison between
partial and overinclusive-valid; see §3). A
pair (c;, ¢j) with ¢; > ¢; is a violation if pm (c;) <
m(cj). The violation rate V(m) € [0, 1] is the
fraction of violating pairs out of 27.

Hard neighboring-pair accuracy. To isolate lo-
cally challenging distinctions, we additionally re-
port pairwise accuracy restricted to adjacent classes
in Eq. (1), focusing on the four main contrasts re-
ported in Tab. 4.

C.2 Implementation Details

NLI backbone. CAP scores are computed
with cross-encoder/nli-deberta-v3-large,
a publicly available NLI cross-encoder from the
Hugging Face Hub. We additionally evaluated
MoritzLaurer/mDeBERTa-v3-base-mnli-xnli



and joeddav/xlm-roberta-large-xnli during
development but selected n1i-deberta-v3-large
for its sharper contradiction-class separation on
the CAP-Correctness validation subset. Inputs are
tokenized as (premise, hypothesis) pairs with a
maximum joint length of 512 tokens. Entailment,
neutral, and contradiction probabilities are read
from the softmax output of the classification
head. Inference is run in mixed precision
(torch.float16) with batch size 16.

Directional scoring. For each (q,g,p) triple,
CAP requires two NLI passes: forward (g — p)
with s(q, g) as premise and s(q, p) as hypothesis,
and reverse (p — g) with the two swapped. Both
passes use the same NLI checkpoint without further
fine-tuning.

CAP hyperparameters. Unless stated otherwise
Wwe use o 0.85, A = 0.3, selected on a held-
out subset of CAP-Correctness; the full sweep is
reported in Tab. 11.

Ordinal rank. The taxonomy ordering
of Eq. (1) is realized as an integer sever-
ity map when computing rank -correlations

and monotonicity violations: exact = 7,
equivalent = alternative-correct = 6,
overinclusive-valid = 5, partial = 4,
overinclusive-invalid = 2, invalid = 1,

contradictory = 0. Tied severities (equivalent
vs. alternative-correct) contribute no strict
pair and are not counted toward the monotonicity
total. Spearman and Kendall correlations use the
standard mid-rank convention for tied ordinal
ranks.

Statement generator. We fine-tune mT5-base
(Xue et al., 2021) on the 8,800 training examples of
CAP-Statements with the AdamW optimizer, learn-
ing rate 5x 10~%, batch size 16, and a maximum of
10 epochs with early stopping on validation BLEU.
Decoding uses beam search with width 4 and a
maximum output length of 64 tokens. Final test
performance is reported in §5.

Baseline metric versions. BLEU and ME-
TEOR are computed with nltk.translate
(sentence_bleu and meteor_score respec-
tively); ROUGE-L is computed with the
rouge_score package (rouge_scorer, rougelL
variant). BERTScore uses the F1 variant
via the bert_score package with its default
English checkpoint. COMET scores are
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computed via the comet package with the
Unbabel/wmt22-comet-da checkpoint.

LLM-generated answers. For §7.4 we
collect free-form answers to a 1k sample
from CAP-Correctness questions from GPT-
40 (gpt-40-2024-08-06), Gemini 2.0 Flash
(gemini-2.0-flash), and Qwen3-8B-Instruct
(Qwen/Qwen3-8B-Instruct), each prompted in
a zero-shot setting with temperature 0.0 and a
256-token output cap.

Prompt template. The same template is issued
to every model and every question; the {question?}
placeholder is the only field that varies per call.

SYSTEM:

Answer the question in the style of a
person responding on an exam: concise,
factually correct, and free of
elaboration. Use a single short
sentence when sufficient; never exceed
three sentences. Do not restate the
question, include preamble or
qualifications, or open with phrases
such as “the answer is. . .”. Respond
in plain prose without any markdown
formatting: no bold, italics, headers,
lists, or code blocks.

USER:
{question}
Hardware. All NLI inference and mT5 fine-

tuning are run on a single NVIDIA A100 40 GB
GPU; no experiment requires distributed training.

C.3 CAP Hyperparameter Sweep

We select « and A via a grid sweep on a held-out
subset of CAP-Correctness, evaluating each setting
on Spearman p, pairwise ranking accuracy, and
monotonicity violation count (Tab. 11). Moder-
ate neutral weighting (A = 0.3) combined with
asymmetric scoring (o = 0.85) achieves the best
ranking and pairwise accuracy while matching the
lowest violation count, outperforming both purely
entailment-based (A = 0) and purely unidirectional
(o = 1) variants. This supports the intuition that
partial credit for neutral relations improves robust-
ness on semantically incomplete and alternative-
correct answers while preserving strong contradic-
tion separation.



@ A Spearman p PairAcc Violations
03 00 57.3 73.5 4/27
05 00 58.8 74.4 4/27
05 03 59.3 74.8 4/27
0.7 00 59.7 74.9 4/27
085 0.3 60.7 75.6 4/27

1 03 59.8 75.1 5127

Table 11: Effect of directional asymmetry («) and
neutral-class weighting (\) on semantic ranking con-
sistency.

D Results

D.1 Monotonicity Analysis

While the main results show that CAP better
captures the taxonomy’s global ranking structure,
monotonicity asks a sharper question: does CAP
preserve the taxonomy’s ordering on a class-by-
class basis? Recall from §6.2 that a metric incurs
a violation on a strictly ordered pair (c;, c;) when-
ever the mean score for the higher-severity class
falls below the mean score for the lower-severity
one.

Lexical metrics and BERTScore invert roughly
half of the ordering. Even COMET, the strongest
baseline, violates 9/27 comparisons it is expected
to respect. CAP reduces this count to 4/27: on 23
of the 27 ordered pairs, the mean CAP score for
the more correct class is higher than for the less
correct one (see Tab. 12).

Fig. 3 makes the score geometry visible. CAP’s
per-class distributions occupy progressively lower
ranges as we move down the taxonomy, with
classes forming largely distinct bands on the score
axis. COMET’s distributions, by contrast, col-
lapse into a narrow region with heavy overlap
across nearly every class: only exact separates
cleanly, while equivalent, partial, the overin-
clusive classes, and even invalid answers occupy
largely the same range. CAP’s monotone order-
ing is visible on the score axis; COMET does not
exhibit a comparable ordering.

The four class-pair inversions made by CAP,
reflect two distinct failure modes. First,
alternative-correct scores below the other top-
tier classes. This class is difficult for NLI-based
scoring because a valid alternative need not entail
the gold answer, nor be entailed by it: for example,
Jupiter and Mars may both be valid answers in con-
text, while remaining mutually non-entailing. This
effect is amplified by the pretrained NLI model’s
uneven world knowledge across CAP-Correctness
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topics, which can prevent it from recognizing valid
alternatives. The second failure mode is partial
scores above their expected positions, a structural
artifact of bidirectional NLI that we examine in
detail in the next section. Despite these localized
inversions, CAP preserves the taxonomy’s ordering
far more consistently than any of the baselines.

Metric Violating Class Pairs Violation Rate
BLEU 14/27 51.85
ROUGE-L 11/27 40.74
METEOR 11/27 40.74
BERTScore 12/27 44.44
COMET 9/27 33.33
CAP 4/27 14.81

Table 12: Monotonicity violations, defined as cases
where the mean score of a lower-severity class exceeds
the mean score of a higher-severity class.

E Error Analysis

We dissect CAP’s residual errors along three
axes: statement-generation quality (Tab. 15), label-
source stability (16 and 17), and the per-class struc-
ture of the failure modes identified in §7.

E.1 Ablation study

To assess the contribution of CAP’s bidirectional
formulation, we compare it against unidirectional
entailment-scoring variants. Entailment-only scor-
ing substantially reduces semantic ranking consis-
tency, especially for semantically incomplete an-
swers such as partial responses. Incorporating the
reverse direction improves the modeling of seman-
tic completeness, supporting our hypothesis that
bidirectional entailment captures asymmetric se-
mantic information missed by one-directional eval-
uation.

Variant Spearman p Kendall 7 PairAcc
Entailment gold — pred 56.76 41.29 72.50
Entailment + A Neutral 59.81 46.12 75.14
Entailment pred — gold 39.07 28.02 65.27
Entailment + A Neutral 40.82 29.73 66.20
Bidirect avg entailment 58.77 44.83 74.43
Full CAP 60.69 46.94 75.58

Table 13: Ablation study of CAP components.

E.2 Per-Model Ranking Statistics

Per-model ranking statistics (Tab. 14) give the same
picture: GPT-40 and Qwen 3 yield correlations
comparable to those on CAP-Correctness, with



Gemini Flash a notable outlier. The likely cause
is Gemini’s output style-more verbose/hedged an-
swers. Verbose exacts lose entailment certainty
(extra material the gold doesn’t entail back), and
verbose partials end up retaining more of the gold
than a partial would.

Model Spearman p Kendall 7 PairAcc
GPT-40 61.67 48.38 78.44
Gemini Flash 39.71 30.10 67.47
Qwen 3 56.82 44.45 76.47

Table 14: CAP ranking statistics on human-labeled
LLM-generated answers, per model.

Statement-generation reliability across question
types CAP’sreformulation step relies on the mT5
statement generator, whose error rate is markedly
uneven across question types (Tab. 15; full break-
down in App. B). Sentence-completion and blank-
spaces items are produced cleanly, short-question
items show a moderate wrong rate; long-context
items are the clear bottleneck at 32.9% wrong and
9.6% semantic errors. Downstream CAP scores
therefore inherit a question-type-dependent relia-
bility, with the dominant source of error attributable
to the statement generator on long-context inputs
rather than to the metric itself.

Question Type syntactic semantic wrong
Short question 3.0% 0.6% 10.5%
Long context 3.6% 9.6% 32.9%
Sentence completion 0.2% 0.0% 0.0%
Blank-space task 0.4% 0.0% 0.0%

Table 15: Human validation of generated statements by
question type. Percentages indicate statements judged
syntactically valid, semantically faithful, or incorrect
during manual evaluation.

Stability under synthetic vs. human labels

We re-evaluate CAP on the 573-example human-
validated subset using both label sources—the syn-
thetic labels from the LLM-assisted pipeline and
the labels independently assigned by human annota-
tors against the same taxonomy. Tab. 16 shows that
CAP correlates marginally better with the human-
labeled ordering (p = 57.20, PairAcc = 74.35)
than with the synthetic one (p = 52.25, PairAcc
= 71.89): the headline numbers in Tab. 2 are not an
artifact of the synthetic pipeline; if anything, syn-
thetic labels modestly understate CAP’s alignment

19

with human judgement.

Label Source Spearman p Kendall = PairAcc
Synthetic 52.25 39.40 71.89
Human-labeled 57.20 43.31 74.35

Table 16: Stability of CAP evaluation under synthetic
and human semantic labels.

Tab. 17 breaks the comparison down by class.
Six of eight classes shift by less than two points; the
two large shifts are concentrated where the main re-
sults already identify failure modes (§7.2). The
alternative-correct mean drops from 37.54
under synthetic labels to 26.79 under human la-
bels (A = +10.75): the cases human annota-
tors correctly identify as alternative-correct re-
ceive even lower CAP scores than the pipeline’s
synthetic alternative-correct examples, confirm-
ing that the low alt-correct mean is a property
of bidirectional NLI on factually distinct alterna-
tives and not a labeling artifact. Partial drops
by 7.50 points (87.21 — 79.71), narrowing—but
not eliminating—the structural inversion against
overinclusive-valid described in §7.3.

Label-semantic synthetically generated vs
human label

Class Synthetic  Annotator A
Exact 98.84 98.88 -0.04
Equivalent 86.53 88.23 -1.70
Partial 87.21 79.71 -7.5
ov 50.79 49.65 -1.14
Ol 38.46 38.22 0.54
Invalid 12.32 17.16 -4.84
Contradictory 5.14 6.63 -1.49
Alt. 37.54 26.79 10.75

Table 17: Mean CAP scores per semantic class under
synthetic and human label sources.

Per-class failure modes

The per-class means in Tab. 17 concentrate
CAP’s residual error in two locations. Partial
sits above its expected taxonomic position
(mean 87.21 synthetic, 79.71 annotator),
and alternative-correct sits below the
top group (mean 37.54 synthetic, 26.79 an-
notator). The remaining classes—including

"Both values sit below the full-benchmark p = 60.69 of
Tab. 2 because the validation subset is small (573 vs. 10,346
examples) and was sampled without per-class stratification.



overinclusive-invalid—occupy roughly their
expected positions.

Partial scores too high. The mechanism is the
structural NLI artefact described in §7.3. Partial
answers are subsets of the gold information, so
the dominant g — p direction—carrying weight
a = 0.85—measures whether the gold entails the
partial answer, which it largely does. The reverse
direction p — g correctly fails to entail (the partial
is missing content) but carries only 1 — oo = 0.15
of the weight. CAP therefore inherits the high gold-
side entailment and ranks partial answers near the
top group rather than mid-taxonomy.

Overinclusive-valid scores too low.
Overinclusive-valid is the mirror case.
The answer contains the gold plus additional valid
content, so p — g entails strongly—but this is the
down-weighted direction. The dominant g — p
direction sees gold-plus-extras and assigns mostly
neutral mass, since the extras are not supported by
the gold. The asymmetric weighting amplifies this
neutral signal and pushes overinclusive-valid
below partial, inverting the taxonomy on this
specific axis.

Overinclusive-invalid is positioned cor-
rectly. In contrast to the two cases above,
overinclusive-invalid behaves as expected.
Its mean (38.46 synthetic, 38.22 annotator) sits
below overinclusive-valid because the invalid
extras introduce contradiction mass that the
entailment + A- neutral score does not reward,
and clearly above invalid and contradictory
because the correct content is still recognized.
CAP separates “correct with false extras” from
“correct with valid extras” and from “fully invalid”
in the expected order. The two overinclusive
classes are difficult for surface-similarity baselines
(Tab. 4, OV > OI column), but they are not where
CAP itself fails.
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Class Class-specific instruction
exact Reproduce the gold answer verbatim.
equivalent Express the same meaning as the gold

answer using different wording. Do
not omit or add information.
Produce a different but equally valid
answer to the question. The answer
must be factually correct and must
not be entailed by the gold answer in
either direction.

Reproduce a strict subset of the in-
formation in the gold answer. Do
not add information beyond what the
gold states.

Include the full content of the gold
answer and add one short piece of ad-
ditional information that is factually
correct and relevant to the question.
Include the full content of the gold
answer and add one short piece of ad-
ditional information that is factually
incorrect or unsupported.

alternative-correct

partial

overinclusive-valid

overinclusive-invalid

invalid Produce a plausible-sounding answer
to the question that is factually wrong.
Do not directly contradict the gold
answer.

contradictory Produce an answer that directly con-

tradicts the gold answer or rejects the
premise of the question.

Table 18: Class-specific instructions used to instan-
tiate the candidate-answer generation prompt. The
{class_instruction} placeholder in the template is filled
with the row matching the target class.
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