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Abstract

Large language models (LLMs) increasingly as-
sist financial analysis tasks over filings, reports,
and news via retrieval-augmented generation
(RAG), but a human reviewer typically remains
accountable for the final decision. In this set-
ting, a confidence score must be more than well-
calibrated: it must be evidence-based and ex-
plainable, so reviewers can see why an answer
should be trusted. We introduce CAST (Confi-
dence via Answer Support Testing), a Bayesian-
inspired confidence method that compares a
generated answer with a plausible competing al-
ternative and evaluates how retrieved passages
support each hypothesis. CAST produces both
an answer-level confidence score and citation-
level evidence for review. We also demonstrate
CAST through an interactive reviewer-facing
tool that visualizes supporting and opposing
evidence for human verification. On 1,286
financial-report questions from MMDocRAG,
CAST achieves the highest AUROC among
seven evaluated methods (0.634 vs. 0.598 for
the strongest baseline).

1 Introduction

LLMs are increasingly used to assist the finan-
cial industry in question-answering tasks over fil-
ings, reports, earnings materials, and news using
retrieval-augmented generation (RAG) (Li et al.,
2023). In many deployments the model does not
act autonomously, but an expert reviews the answer
before it is used and remains accountable for the
decision it informs upon (Joshi, 2025). This human-
in-the-loop (HITL) verification not only requires
the generated answer to the question, but also the
evidence supporting the answer, in the form of ci-
tations. A well-calibrated, evidence-based LLM
confidence score is particularly helpful to this re-
view. For example, as illustrated in Fig. 1, at below-
threshold confidence the reviewer needs to judge
whether that evidence actually supports the claim;

in general this is a time-consuming, manual pro-
cess.

This makes confidence estimation for HITL ver-
ification a distinct problem from confidence es-
timation for open-ended generation: the confi-
dence score must not only be well-calibrated, but
evidence-based and explainable, so a reviewer can
see why an answer should or should not be trusted.

Existing confidence estimation methods fall
short of this requirement. Token-level logits and
semantic entropy reflect the model’s internal cer-
tainty but do not (directly) consult the retrieved
evidence (Kuhn et al., 2024; Geng et al., 2024).
Sampling-based methods (self-consistency, seman-
tic entropy) require multiple additional generations
and still produce only a bare number (Manakul
et al., 2023a; Farquhar et al., 2024). Verbalized
confidence is known to be poorly calibrated and
overconfident (Tian et al., 2023). However, con-
ventional confidence-estimation methods generally
do not expose how individual retrieved passages
contribute to the confidence score, limiting their
usefulness for evidence-level human review.

This work presents CAST (Confidence via An-
swer Support Testing), a novel method which
closes this gap by reusing evidence the RAG
pipeline has already retrieved. CAST requires
only one extra processing step after a regular RAG
pipeline and works with any black-box language
model. Its confidence score follows a Bayesian-
inspired formulation that compares the relative
evidence for the generated answer and a plausi-
ble competing alternative. An LLM judge evalu-
ates how well each retrieved passage supports both
hypotheses, and the resulting citation-level judg-
ments are aggregated into an answer-level confi-
dence score. Because scoring happens passage-by-
passage, CAST produces not just a number but a
quantitative, citation-level rationale showing which
evidence supports the generated answer and which
favors the alternative. Moreover, the strength of
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Figure 1: Integration of CAST confidence scores in a human-in-the-loop financial question-answering workflow.

each piece of evidence can be easily visualized to
support human review.

Our contributions are as follows. We present
CAST, a practical evidence-based confidence scor-
ing method that compares an LLM-generated an-
swer with a plausible competing alternative us-
ing the evidence already retrieved by a RAG
system. We develop an interactive reviewer-
facing tool that exposes CAST’s citation-level
support judgments, allowing reviewers to inspect
which evidence supports the generated answer
and which favors the alternative. We evaluate
CAST on 1,286 financial-report questions from
MMDocRAG (Dong et al., 2026) against six
confidence-estimation baselines, demonstrating its
potential for human-in-the-loop financial RAG.
The replication kit, including scripts, data, and
graphs, is publicly available (Anonymous, 2026).

2 Related Work
2.1 Confidence Estimation for LLMs

Confidence estimation methods are commonly di-
vided into white-box approaches, which use model
internals such as token probabilities or hidden
states, and black-box approaches, which rely only
on observable outputs (Liu et al., 2025). Rep-
resentative white-box methods include the origi-
nal formulations of P(True) and P(IK) (Kadavath
et al., 2022) and semantic entropy (Kuhn et al.,
2024), while representative black-box methods
include SelfCheckGPT (Manakul et al., 2023b)
and verbalized confidence (Tian et al., 2023).

Since financial RAG systems are often built on
closed, API-served LLMs without access to inter-
nal states, we implement Verbalized P(True), Ver-
balized P(IKnow), and semantic entropy as black-
box methods, querying the model directly rather
than using log-probabilities, and retain logit confi-
dence as our sole white-box baseline.

2.2 Evidence-Based Confidence in RAG

Recent work has begun grounding confidence in
retrieved evidence rather than model uncertainty
alone. RAGTruth (Niu et al., 2024) shows that hal-
lucinations persist even in RAG systems, motivat-
ing explicit evidence verification. Attribution meth-
ods such as RARR (Gao et al., 2023) verify whether
retrieved passages support generated claims, but
focus on claim verification rather than confidence
estimation. The work most closely related to ours
is that of (Becker and Soatto, 2024), which esti-
mates confidence from the consistency of model-
generated explanations using textual entailment.
While both methods employ entailment signals,
their approach evaluates the internal consistency
of generated explanations, whereas CAST grounds
confidence in retrieved evidence. Instead of mea-
suring support for a single hypothesis, CAST com-
pares the generated answer against a constructed
alternative hypothesis and aggregates supporting
and contradicting evidence into a Bayesian confi-
dence score. The resulting citation-level explana-
tions provide reviewers with a transparent rationale
for the confidence estimate.



3 CAST methodology

The CAST method is motivated by Bayesian evi-
dence aggregation. Bayes’ rule provides a princi-
pled framework for expressing how retrieved ev-
idence can update the relative plausibility of the
generated answer and a competing alternative. The
practical CAST score introduced below follows
this log-odds intuition, while using support scores
produced by an LLM judge as evidence signals
rather than explicitly estimated likelihood ratios.

3.1 Bayesian design

Consider the input question, an LLM-generated
answer, and the retrieved set of citations relevant
to answering the question (£). CAST tests two
competing hypotheses:

* H: the LLM-generated answer to the question
is correct;

e H 4: a constructed alternative answer to the
question is correct.

Here, H 4 represents one plausible competing hy-
pothesis rather than the full complement of H; the
two coincide only for binary questions.

Using Bayes’ formula and assuming all citations
are conditionally independent, each citation e; up-
dates the prior ratio with its own likelihood ratio:

P(H|E) P(E|H) P(H)
P(HAIE) P(E|Ha) P(Ha)

(v PleH) | P(H)
- {HP<ei|HA>}P<HA> W

%

We take equal prior odds, P(H)/P(H4) = 1.
Since the likelihood terms are not directly avail-
able, CAST uses LLM-assigned support scores as
evidence signals in the Bayesian-inspired aggrega-
tion described in Section 3.3.

CAST constructs the alternative according to
the detected answer type: binary answers are re-
versed, numeric answers are perturbed by 10-40%,
and qualitative answers are rewritten using a dif-
ferent entity or conclusion at a comparable level of
detail. Answer types are identified through pattern-
matching rules. Gemini 2.5 Flash is then used only
to instantiate the corresponding alternative-answer
template (Appendix A.3).

Each retrieved citation is then evaluated against
H and H 4 to obtain relative support scores (Sec-
tion 3.2), which are aggregated into the final CAST
confidence score (Section 3.3).

3.2 Citation-Level Evidence Testing

For each citation e;, an LLM judge assigns a sup-
port score to the generated-answer hypothesis and
the constructed alternative hypothesis:

sH = s(e;, H), sHA = s(e;, Hy).  (2)

7 (2

The judge uses the rubric in Appendix B (Table 2);
it performs textual classification into 13 numerical
support levels, with scores [0, . .., 12], indicating
how strongly the citation supports the claims made
by each hypothesis. The two scores are assigned
independently, allowing a citation to support both
hypotheses to different degrees.

CAST summarizes their relative support using
the normalized evidence gap:

A= ZTl, 3)
where A; > 0 favors the generated answer, A; < 0
favors the constructed alternative, and values near
zero indicate balanced or inconclusive evidence.

3.3 Confidence Aggregation

The implementation additionally labels citations
as directly or weakly relevant. Directly relevant
citations are used to compute the principal evidence
gap. Let £ denote the subset of citations marked
as directly relevant. If no citation is marked as
directly relevant then 5 = £.

CAST first calculates the mean normalized evi-
dence gap:

sz—sfl 4
2 1w @

A positive value indicates that the relevant evidence
favors the generated answer, while a negative value
indicates that it favors the constructed alternative.

Because an average may conceal individual pas-
sages that strongly favor the constructed alterna-
tive over the generated answer, CAST also applies
an explicit contradiction penalty. A citation con-
tributes to this penalty when its support for H 4
exceeds a threshold 74 ,:

1
feontra = |E|(EZZ€:5]I |:5£{A > THA:| ) )

where [[-] denotes the indicator function.
The final CAST confidence score is:

Ceast =0 (K (Ad - fcontra)) ) (6)



where o(z) = 1/(1 4+ e~ %), K controls the sensi-
tivity of the score to the evidence, and 7¢7, controls
the minimum support for the constructed alterna-
tive required to trigger the contradiction penalty.
By default, CAST uses K = 4.0 and 77, = 8. If
no citations are available, CAST returns the neutral
score 0.5 rather than inferring confidence without
evidence.

The mean evidence gap and contradiction
penalty serve complementary purposes. The for-
mer represents the overall direction of the relevant
evidence, while the latter reduces confidence when
one or more citations strongly favor the constructed
alternative. Since both components are derived
from visible citation-level scores, the final confi-
dence remains traceable to evidence that the re-
viewer can inspect directly.

4 Demonstration

4.1 Interactive Reviewer Interface

The CAST demo presents each question-answer
pair as a self-contained evidence report. The con-
fidence score and its qualitative category are dis-
played prominently at the top of the page, see Fig-
ure 2. The interface presents the original ques-
tion and compares the LLM-generated answer with
the ground-truth answer available in the example
dataset.

The central component is an interactive citation-
level evidence visualization. For every retrieved
citation, the interface displays a passage preview
and its support scores for H and H 4. Horizontal
bars visualize the relative support around a neutral
baseline: evidence favoring H 4 appears on the con-
tradiction side, while evidence favoring H appears
on the support side. Hovering over a citation re-
veals its full text, relevance label, support levels,
and the judge’s rationale.

The interface also reports aggregate evidence
statistics, including the number of supporting, neu-
tral, and contradicting citations and the mean ev-
idence gap. A final summary explains why the
confidence is high or low and shows the confidence
computation used for the case.

4.2 Financial-Report QA Example

Figure 2 also shows a financial-report question ask-
ing how, for one document, total short-term bor-
rowings and long-term debt changed between 2019
and 2020. The LLM answer states that the amount

increased by $6,300 million, whereas the ground-
truth answer implies an increase of $2,746 million.

CAST assigns the answer a confidence of 0.005.
All five retrieved citations favor the alternative an-
swer, resulting in five contradicting citations, no
neutral citations, no supporting citations, and a
mean evidence gap of —0.38. The force-plot-style
visualization exposes the separate support scores
for each citation, while the summary explains how
the conflicting financial values lead to the very low
confidence.

This example illustrates how CAST can help an
analyst identify both that an answer is unreliable
and which retrieved passages challenge it. Instead
of manually searching through all sources without
guidance, the reviewer can prioritize the citations
with the strongest contradictory evidence.

Beyond financial-report question answering,
CAST is designed for potential use in evidence-
intensive workflows such as risk analysis, KYC,
compliance review, and regulatory reporting. It is
designed to assist rather than replace human judg-
ment by allowing high-confidence cases to receive
minimal review while directing analysts to the most
relevant supporting or contradicting evidence in
low-confidence cases.

S Experimental Setup

5.1 Research Questions

We evaluate CAST through the following research
questions:

¢ RQ1: Does evidence-based confidence esti-
mation improve confidence quality compared
with existing confidence estimation methods?

* RQ2: How does CAST perform across differ-
ent question types?

5.2 Dataset

We evaluate on 1,286 questions over financial re-
port filings in the financial domain, drawn from
MMDocRAG’s Financial Report split (Dong et al.,
2026). We focus on this domain specifically be-
cause it is representative of the human-in-the-loop
financial review setting motivating this work (§1):
long, structured, multi-page filings where an em-
ployee needs to verify an LLM-generated answer
against source evidence before relying on it, rather
than a short-answer or open-domain QA setting
where that verification step is less central to the
task.
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Figure 2: The CAST interactive evidence report demo.

Aggregate results alone cannot show which ques-
tions a confidence method handles well, so we man-
ually identified five question-type categories within
this domain: calculation (758), factual lookup
(387), comparative (98), interpretive (40), and
aggregative (3), reflecting different reasoning de-
mands from direct fact retrieval to multi-passage
synthesis.

5.3 RAG system

We use a standard RAG configuration (Martineau
et al., 2023). For each document, the content of
each PDF page is extracted, and the pages are en-
coded into vector representations. Given a ques-
tion, the system retrieves the most relevant pages
by comparing the question with the indexed page
representations. The retrieved pages are provided
to an LLM, which generates an answer and ac-
companying reasoning. As part of its output, the
LLM identifies relevant citations, i.e., continuous
pieces of text, used to support the answer. A final
set of citations is selected by removing duplicates
and merging overlapping ones. The generated an-
swer and resulting set of citations form the input to
CAST.

5.4 Evaluation Pipeline

For each question, CAST evaluates the answer gen-
erated by the RAG system and its associated evi-
dence passages (text spans extracted from a page).
Each passage is evaluated separately against the
generated answer hypothesis and the constructed al-
ternative hypothesis. CAST then aggregates the re-

sulting passage-level support scores into an answer-
level confidence score, as described in Section 3.

LLM-generated answer correctness is deter-
mined independently using an LLM judge (Zheng
et al., 2023). The judge compares each generated
answer against the ground truth answer and as-
signs one of three labels: YES (accurate and com-
plete), PARTIAL (accurate but incomplete), or NO
(contradicts the reference). For confidence evalu-
ation, YES answers are treated as correct, while
PARTIAL and NO are grouped as incorrect, re-
flecting the selective-review setting in which both
incomplete and contradictory answers require hu-
man verification. The full judge prompt is given in
Appendix A.1.

In the whole experiment, Gemini-2.5-Flash
serves as the LLM to instantiates the alternative
answer, judges citation-level support, and evaluates
correctness.

5.5 Baseline Confidence Scores

Following the black-box constraint motivated in §2
that most financial RAG deployments query LLMs
through APIs with limited access to internal states
or full log-probabilities, five of our six baselines
are implemented as black-box methods, with logit
confidence retained as the sole white-box reference
point.

Agreement. Agreement estimates confidence
from the proportion of independently sampled an-
swers that are semantically consistent with the orig-
inal answer (Manakul et al., 2023a). We use five
generations per question.



Semantic Entropy. Semantic Entropy groups
sampled responses by semantic equivalence and
measures uncertainty over the resulting answer
clusters (Farquhar et al., 2024). We use five gener-
ations per question.

Verbalized Confidence. The model reports its
confidence as part of the original answer-generation
prompt (Tian et al., 2023).

Verbalized P(True). Following prior self-
evaluation approaches (Kadavath et al., 2022), the
model is asked whether its generated answer is true,
and the resulting probability is used as confidence.

Verbalized P(IKnow). The model estimates
whether it knows enough to answer the question
correctly (Kadavath et al., 2022). This provides a
self-reported knowledge-confidence signal using
one additional LLM call.

Logit Confidence.: Confidence is derived from
token-level generation probabilities and therefore
requires access to model logits but no additional
LLM call (Geng et al., 2024).

5.6 Evaluation Metrics

Using the binary correctness labels defined in Sec-
tion 5.4, we evaluate each confidence score along
three complementary dimensions:

Discrimination: Does the score separate correct
from incorrect answers? Measured by AUROC (the
probability that a randomly chosen correct answer
receives a higher confidence score than a randomly
chosen incorrect one).

Calibration: Does the score’s numeric value
track the actual probability of correctness? We as-
sess calibration using reliability diagrams, which
compare predicted confidence with observed accu-
racy across confidence bins.

Rank correlation: Does higher confidence go
with higher correctness overall? Measured by
Spearman’s p between the confidence score and
the binary correctness label.

6 Results

6.1 Confidence Quality Across Methods
(RQ1)

CAST is the strongest method on AUROC, out-
performing every baseline (Figure 3): 0.634 versus
Agreement’s 0.598, the next-best method, while us-
ing fewer LLM calls per question than Agreement’s
sampling-based approach. Meanwhile, many of
the baseline methods cannot distinguish between
correct and incorrect answers according to their

AUROC performance, except for CAST and Agree-
ment.
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Figure 3: ROC curves for CAST and all baseline confi-
dence methods (AUROC in legend).

Calibration, however, is a weakness for CAST,
and not unique to it (Figure 4). CAST shows
a V-shaped miscalibration, overconfident above
roughly 0.3 confidence. Verbalized and Logit are
near-degenerate, concentrating almost all mass in a
single high-confidence bin; Verbalized P(IKnow)
and Verbalized P(True) are low-statistics and non-
monotonic across small bins; Semantic Entropy is
flatter but consistently under-tracks accuracy. No
method’s raw score should be read as a literal prob-
ability without post-hoc correction (§7). However
CAST does allow for calibration across the pre-
dicted confidence range [0, 1], which it covers fully.

6.2 Question-Type Analysis (RQ2)

Aggregate results (§6) do not show which ques-
tions CAST handles well. Using the five question-
type categories defined in §5.2, we compare CAST
against Agreement, the next-strongest method, in
Table 1; aggregative questions (n = 3) are ex-
cluded as too few for a reliable estimate.

Table 1: AUROC and Spearman p by question type,
with the overall result for reference. Best value per row
in bold.

CAST Agreement
Type (n) AUROC p AUROC p
Calculation (758) 0.626 +0.218 0.560 +0.136
Fact. Lookup (387) 0.629 +0.224 0.687 +0.356
Comparative (98) 0.699 +0.342 0.643 +0.320
Interpretive (40) 0.688 +0.325 0.545 +0.103
Overall (1,286) 0.634 +0.233 0.598 +0.205
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Figure 4: Calibration reliability diagrams for all seven methods: predicted confidence (binned) vs. actual accuracy.
Numbers above each point show bin sample size; dashed line indicates perfect calibration.

CAST leads on three of four types (calculation,
comparative, and interpretive) with its largest ob-
served advantages on comparative and interpretive
questions (+0.056 and +0.143 AUROC, respec-
tively). Agreement wins only on factual lookup
(0.687 vs. 0.629), where the answer is typically a
single stated value and cross-sample consistency
provides a strong signal. One possible explana-
tion is that comparative and interpretive questions
more often require synthesizing evidence across
passages, creating more opportunity for CAST’s
competing-hypothesis comparison to distinguish
correct from incorrect answers.

Figure 5 shows why this margin varies in size.
For calculation and factual lookup, correct and in-
correct answers both pile up densely in CAST’s
0.9-1.0 score bin, leaving little room to separate
the two classes — consistent with their more mod-
est AUROC (<0.63). Interpretive questions instead
show real separation: most incorrect answers clus-
ter in a distinct middle range (0.6-0.8) while cor-
rect answers concentrate at the top (0.85-1.0), giv-
ing CAST substantially stronger separation than on
calculation and factual lookup.

7 Discussion

7.1 Insights

Algorithmic. Testing a generated answer against a
constructed alternative, rather than scoring it in iso-
lation, is what lets CAST turn contradiction into a
directly measured quantity rather than something a
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Figure 5: CAST score distributions by question type,
split by correctness.

single-hypothesis check is structurally blind to (§2);
this paired-hypothesis design is the main source of
CAST’s discrimination advantage over sampling-
based and self-evaluation baselines (§6). That ad-
vantage is not uniform, however: CAST’s margin
over Agreement grows with question complexity
and is largest on comparative and interpretive ques-
tions, while Agreement remains stronger on direct
factual lookup, where cross-sample consistency is
a cheap, sufficient signal (§6).

Tool/Demo. CAST’s citation-level support and
contradiction scores give a reviewer something to
audit: which passage disagrees, and how strongly,
which a bare scalar from any baseline cannot pro-
vide (§4). The cost of producing this explanation
is a deployment choice, not a fixed property of



the method: scoring each citation with its own
LLM call, as our production deployment does, iso-
lates each judgment for cleaner per-citation ratio-
nale but scales linearly with the number of cita-
tions; batching all citations into a single call per
hypothesis instead reduces this to a small constant
number of calls, trading some independence be-
tween citation judgments for substantially lower
cost. This cost—granularity tradeoff, rather than
a single fixed overhead number, is what a deploy-
ment should tune to its own latency and budget con-
straints. Together, these findings position CAST
as best suited to evidence-heavy, higher-stakes re-
view tasks where the value of an auditable answer
outweighs the cost of scoring its evidence.

7.2 Limitations

CAST is evaluated on the Financial Report sub-
set of MMDocRAG using a single RAG pipeline.
Gemini 2.5 Flash serves in three roles: it instan-
tiates the alternative answer, judges citation-level
support, and evaluates correctness. Using the same
model in all three roles may introduce shared fail-
ure modes, and generalization to other tasks, re-
trieval pipelines, or LLMs remains to be validated.

Correctness labels come from an LLM judge
rather than human annotation, so reported metrics
measure agreement with the judge, not absolute
ground truth, which is a common limitation of
LLM-as-judge evaluation (Zheng et al., 2023).

CAST treats retrieved citations as independent
when aggregating A4, though citations from the
same table or section can be correlated rather than
independent; this may affect calibration of the ag-
gregate score, though each citation’s support level
remains individually interpretable.

CAST assumes retrieved evidence is sufficient
to distinguish the generated answer from the con-
structed alternative; under poor retrieval or am-
biguous passages, the resulting score may be less
reliable. Improving robustness under imperfect
retrieval is left to future work.

The current prototype does not yet implement a
live production triage workflow with configurable
approval and escalation policies. Such policies can
be added by comparing Ccagt With an application-
specific threshold, selected according to the risk
tolerance and governance requirements of the target
setting.

Finally, CAST has two free parameters, K = 4
and contradiction threshold 75, = 8 (Eq. 5), set
qualitatively rather than swept. Larger K sharpens

discrimination but risks overconfidence on border-
line cases; smaller K is safer but less discrimi-
native. Larger 7z requires stronger opposing ev-
idence before penalizing confidence; smaller 75
risks over-penalizing weak or ambiguous evidence.
Neither was tuned against a held-out AUROC, so
other domains may require re-tuning both.

8 Conclusion and Future work

We have introduced CAST (Confidence via Answer
Support Testing), a confidence scoring method for
RAG systems that reuses retrieved evidence to
explicitly test a generated answer against a con-
structed alternative, rather than relying on sampling
or the model’s own self-report.

Using MMDocRAG financial reports, CAST
is one of two methods that has discrimination
power to distinguish between correct and incor-
rect answers. Moreover, CAST achieves the
strongest discrimination of any method evaluated
(AUROC 0.634, Spearman p +0.233), while re-
quiring fewer LLM calls than the sampling-based
baseline method it outperforms. More importantly,
for the human-in-the-loop setting motivating this
work, CAST’s score decomposes by construction
into per-citation judgments, which evidence sup-
ports the answer and which contradicts it. This
allows for an auditable outcome, which a bare con-
fidence number does not provide.

CAST is not a universal replacement for exist-
ing confidence methods: its raw score currently re-
quires post-hoc calibration before it can be read as a
probability, and its advantage is demonstrated here
on one domain in which structured, table-heavy,
calculation-oriented questions dominate. We view
this as a case for domain-aware confidence estima-
tion rather than a single dominant method, and for
evidence-grounded, explainable scores as a design
goal in their own right, not merely a byproduct to
optimize away in pursuit of higher AUROC.

Future work will explore three directions:
(1) evaluating CAST as a human-review tool
through user studies that examine whether citation-
level support and contradiction signals help review-
ers identify errors and make better escalation de-
cisions; (2) generalizing beyond two hypothe-
ses by testing the generated answer against mul-
tiple plausible alternatives; and (3) generalizing
across tasks and RAG configurations by evalu-
ating CAST on other tasks, QA settings, LLMs,
retrievers and retrieval depths.
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A Prompts

A.1 Correctness Judge

The following prompt (Gemini 2.5 Flash) produces
the YES/PARTIAL/NO correctness labels used in
§5.4. Few-shot examples are abbreviated for space.

You are a highly skilled answer evaluator. Judge
whether the LLM ANSWER accurately contains
the same information as the GROUND TRUTH.

Accuracy: Does the LLM ANSWER contain
accurate information relative to the GROUND
TRUTH? Equivalent formats (e.g., “55.6%” vs.
“0.556) and more concise/detailed answers are
still accurate if the information matches.
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Completeness: Does the LLM ANSWER ad-
dress all aspects covered in the GROUND
TRUTH?

Contradiction: Does the LLM ANSWER contra-
dict the GROUND TRUTH?

Return yes if completely accurate and equivalent;

partial if accurate but incomplete; no if it contra-

dicts the GROUND TRUTH. [5 few-shot exam-

ples omitted.] Respond in schema: {reasoning:
., answer: yes|partial|no}.

A.2 Citation Hypothesis Testing

The following prompt (system instruction: “You
are an expert statistician and hypothesis tester”)
scores each citation against both hypotheses (§3.2),
applied once with the generated answer as H and
once with the constructed alternative as H:

Given: a context (possibly); an input query
{query}; an answer to the query {answer}; a list
of citations from the context {citations).

We have two hypotheses: Null hypothesis — the
answer to the query is correct; Alternate hypothe-
sis — the answer to the query is incorrect.

For each citation: (1) determine its relevance
(strong / weak / indirect / no relevance); (2) deter-
mine its level of support for the null hypothesis;
(3) determine its level of support for the alternate
hypothesis, using the support-level definitions in
Appendix B.

A.3 Alternative Answer Generation

CAST classifies each answer as binary, numeric,
or qualitative; then applies the corresponding tem-
plate with Gemini 2.5 Flash (temperature 0):

B

Binary: Question: {query}. Generated answer:
{answer]. Generate the opposite answer: if “yes,”
write “no”; if “no,” write “yes.” Keep it concise
(1-2 sentences).

Numeric: Question: {query}. Generated answer:
{answer}. Generate a wrong answer where ONLY
the number changes: perturb by 10—40%, keep
everything else identical.

Qualitative: Question: {query}. Generated an-
swer: {answer}. Generate a plausible alternative
answer: different entity/conclusion, same struc-
ture and detail level.

Support Rubric

The full 13-category rubric definitions used by the
prompt above are given in Table 2.
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Table 2: Citation-level support rubric used by CAST.
Score 6 has two interpretations: balanced evidence and

independence.
Score Support Interpretation
level

12 Absolute The citation explicitly and exhaustively re-
Support flects all claims, with no omission, inter-

pretation, or speculation required.

11 Near- The citation reflects essentially all claims,
Absolute with only a negligible omission or an ex-
Support tremely minor interpretive step.

10 High-To-  Almost all claims are explicitly reflected;
Absolute any omission is trivial and requires at most
Support negligible inference.

9 High Sup- The vast majority of claims are clearly re-
port flected, with only minor details missing or

requiring slight inference.

8 Moderate- The core claims are well reflected, but sec-
High ondary claims are missing or require mod-
Support erate interpretation.

7 Moderate  The central claims are partially reflected,
Support with notable omissions or clear interpretive

assumptions required.

6 Balanced  The citation is relevant but ambiguous, pro-
or Neutral viding neither strong validation nor strong
Support contradiction.

5 Moderate- The citation only superficially aligns with
Low the hypothesis and contains substantial
Support omissions or minor discrepancies.

4 Low Sup- The citation shows little alignment and con-
port tains major gaps, omissions, or inconsisten-

cies that weaken the hypothesis.

3 Very Low The citation strongly diverges from the hy-
Support pothesis and undermines a substantial por-

tion of its claims.

2 Minimal The citation conflicts with almost all
Support claims; only trivial or incidental details re-

main uncontradicted.

1 Negligible The citation is close to complete contradic-
Support tion, leaving almost no meaningful align-

ment with the hypothesis.

0 Zero Sup- The citation directly contradicts all claims
port of the hypothesis.
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