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Abstract

Large language models (LLMs) often follow
conflicting reasoning paths on difficult tasks,
creating uncertainty that is especially danger-
ous in clinical settings where errors can inform
incorrect diagnoses or treatments. Standard
self-consistency (SC) improves accuracy by
voting over multiple reasoning chains, but it
does not resolve the contradictions that pro-
duced the uncertainty. We propose Contrastive
Adjudication via Selective Triggering (CAST),
a lightweight inference-time method that de-
tects disagreement across chain-of-thought
samples and triggers contrastive adjudication
only when model confidence falls below a
threshold. Instead of re-asking the same ques-
tion, CAST extracts the strongest argument for
each competing reasoning path, presents them
side by side, and asks the model to resolve the
conflict definitively. Across multiple model
families and three medical benchmarks, includ-
ing HealthBench, a physician-rubric clinical
task benchmark, CAST outperforms standard
SC, compute-matched SC, SC-Max (with the
maximum possible number of calls, usually
13), and the pooled CASC variant (which votes
across all pre- and post- adjudication votes)
across all datasets. Gains are largest on uncer-
tain questions, reaching up to 29% over SC.
These results, coupled with selective use of
model calls, make CAST practical for clinical
deployment where models must be accurate,
efficient, and uncertainty-aware.

1 Introduction

AI-assisted tools are increasingly being adopted
across the medical industry, and have achieved im-
pressive accuracy on medical question answering
benchmarks (Singhal et al., 2023; Nori et al., 2023).
Studies suggest, however, that a significant fraction
of AI-generated clinical responses contain hallu-
cinations (Ji et al., 2023; Huang et al., 2023) or
factually incorrect answers, despite appearing con-
fident (Kadavath et al., 2022; Guo et al., 2017).

These errors can have catastrophic consequences in
high-stakes settings, especially when they directly
inform incorrect diagnoses or treatments. Ensur-
ing that LLM outputs are reliable and uncertainty-
aware is therefore a prerequisite for safe medical
deployment. Previous work has addressed this con-
cern through self-consistency (SC) (Wang et al.,
2023), where multiple reasoning chains are sam-
pled and the majority answer is selected. While this
approach outperforms greedy decoding, it does not
resolve the conflicts that come with resampling. It
only votes over them, thus preserving or amplifying
uncertain reasoning. Additionally, previous work
has primarily focused on quantifying uncertainty
in medical contexts. Proposed paradigms such as
two-step verification (Abbasi Yadkori et al., 2024)
have been shown to improve uncertainty detection
in these contexts. However, reducing errors and
ultimately improving accuracy on these uncertain
questions remains a major challenge.

To address this gap, we propose Contrastive Ad-
judication via Selective Triggering (CAST). At a
high level, CAST works in two phases. First, it
samples K independent reasoning chains and mea-
sures how much they agree. If the model is con-
fident, meaning one answer dominates, it returns
that answer immediately with no extra computa-
tion needed. If the model is uncertain, meaning
a substantial minority disagrees, CAST enters a
second phase. It extracts the strongest argument for
each competing answer from Phase 1, constructs
a contrastive prompt that explicitly presents both
sides, and instructs the model to resolve the con-
flict definitively. Critically, CAST returns a major-
ity vote over the Phase-2 adjudication responses
only, discarding the conflicting Phase-1 votes that
triggered uncertainty detection. We additionally
evaluate CASC, a pooled variant that combines
Phase-1 and Phase-2 votes subject to a do-no-harm
guard, as an ablation to isolate the contribution of
adjudication-only voting.
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We evaluate CAST and its ablations on
MedMCQA, PubMedQA, and HealthBench, an
industry-grade clinical task benchmark scored with
physician-written rubrics. Across all benchmarks,
CAST outperforms greedy decoding, standard SC,
compute-matched SC, SC Max, and the pooled
CASC variant. CAST also achieves its largest
gains on uncertain questions, strengthening the evi-
dence that post-adjudication voting is a substantial
driver of performance. These results show that
adjudicating competing reasoning paths is a more
effective use of inference-time compute than sim-
ply sampling more paths, with direct implications
for latency-sensitive clinical deployment. Overall,
CAST is a lightweight inference-time method that
detects trajectory-level uncertainty, triggers con-
trastive adjudication only on uncertain questions,
and resolves them by voting only over Phase-2 ad-
judication responses.

2 Related Work

2.1 Chain-of-Thought, Self-Consistency, and
Uncertainty in LLMs

Wei et al. (2022) demonstrated that prompting
LLMs to produce step-by-step reasoning chains
significantly improves performance on complex
reasoning tasks. Wang et al. (2023) extended this
with self-consistency, showing that sampling mul-
tiple reasoning chains and taking a majority vote
over final answers outperforms greedy decoding
across a range of benchmarks. Iterative prompt-
ing strategies have also been explored in medical
QA settings. Madaan et al. (2023) proposed Self-
Refine, where a model iteratively critiques and re-
vises its own outputs, and Pan et al. (2023) pro-
posed a framework using external information to
improve model responses.

A closely related line of work studies uncertainty
in LLMs. Kadavath et al. (2022) showed that LLMs
can be calibrated to estimate their own confidence
and that verbalized confidence correlates with ac-
curacy. Xiong et al. (2024) provide a comprehen-
sive survey of uncertainty quantification methods
for LLMs, identifying entropy-based measures as
among the most reliable signals. In medical con-
texts, Abbasi Yadkori et al. (2024) propose an iter-
ative prompting method to estimate epistemic un-
certainty from responses, showing that prompting
can improve uncertainty detection. Unlike these
studies, CAST does not only quantify or flag un-
certainty. It uses trajectory-level disagreement to

detect uncertain predictions and then resolves them
through contrastive adjudication, discarding con-
flicting Phase-1 votes entirely rather than pooling
them.

2.2 Medical Question Answering

Jin et al. (2021) introduced MedQA, establishing a
benchmark for clinical reasoning with LLMs. Pal
et al. (2022) introduced MedMCQA, a large-scale
multiple-choice dataset covering a broad range
of medical subjects. Prior work has shown that
standard prompting and chain-of-thought meth-
ods improve performance on these benchmarks,
but uncertainty-aware inference strategies have re-
ceived limited attention in the medical QA set-
ting. Singhal et al. (2023) introduced Med-PaLM,
showing that instruction-tuned LLMs can achieve
physician-level performance on medical licensing
exam questions. Nori et al. (2023) evaluated GPT-
4 on USMLE-style questions, demonstrating that
frontier models can pass medical board examina-
tions without any domain-specific fine-tuning. De-
spite these advances, miscalibration remains a per-
sistent concern because models that achieve high
accuracy may still assign high confidence to incor-
rect answers (Kadavath et al., 2022). CAST directly
addresses this by identifying uncertain predictions
at inference time and resolving them through con-
trastive adjudication, without any additional train-
ing or fine-tuning.

2.3 Clinical Deployment of LLMs

Recent work has highlighted the gap between
benchmark performance and safe clinical deploy-
ment of LLMs (Ji et al., 2023; Huang et al., 2023).
A core challenge is that high aggregate accuracy
does not preclude dangerous miscalibration on in-
dividual cases, precisely the failure mode that mo-
tivates uncertainty-aware inference. Proposed solu-
tions have included retrieval augmentation, ensem-
ble methods, and post-hoc calibration, but these ap-
proaches either require external knowledge sources,
additional training, or significantly increased com-
pute. CAST addresses this gap with a training-free,
inference-time method that applies additional com-
pute selectively and only where model confidence
is lowest, making it directly compatible with exist-
ing clinical LLM deployment pipelines.

3827



Figure 1: Overview of CAST. Phase 1 samples multiple reasoning paths and computes vote confidence. If the
vote is uncertain, CAST extracts the strongest competing arguments, runs contrastive adjudication, and returns a
Phase-2-only majority vote.

3 Methodology

3.1 Preliminaries
Given a question q with answer options O, we aim
to select the correct answer a∗ ∈ O. We assume ac-
cess to a language model M that generates reason-
ing paths. Standard self-consistency (Wang et al.,
2023) samples K reasoning chains {c1, . . . , cK} at
temperature τ > 0, extracts a final answer âk from
each chain, and returns the majority vote:

âSC = argmax
a

K∑

k=1

1[âk = a]. (1)

3.2 Uncertainty Estimation via Vote
Disagreement

CAST measures uncertainty over the answer dis-
tribution induced by the K sampled chains. Let
p(a) = 1

K

∑K
k=1 1[âk = a] be the empirical an-

swer distribution. We compute vote confidence
C = maxa p(a), the fraction of votes for the
most common answer, and the minority fraction
m = p(a(2)), the share of votes received by the
leading competing answer.

A question is flagged as uncertain when C < θ
and m ≥ µ, where θ is a confidence threshold
and µ is a minimum minority share. We chose

θ = 0.70, µ = 0.20, K = 5, and K2 = 8 using a
200-question held-out MedMCQA validation sub-
set. Appendix C reports the hyperparameter and
threshold sensitivity analysis.

3.3 Contrastive Adjudication

When a question is flagged as uncertain, CAST
clusters the Phase 1 reasoning trajectories by their
final answer. Within each answer cluster, CAST
selects the single most representative trajectory as
the argument for that answer. Specifically, it se-
lects the trajectory with the highest mean pairwise
unigram Jaccard similarity to all other trajectories
in that cluster, computed over the reasoning text
and excluding the final answer token. For singleton
clusters, the only chain is selected. This passes the
strongest, most consensus-aligned reasoning chain
to Phase 2, rather than an outlier chain.

The contrastive prompt presents the original
question, the strongest argument for the majority
answer, and the strongest argument for the minor-
ity answer. The model is instructed to identify
the evidence that settles the disagreement and re-
solve it definitively rather than simply re-answering.
Phase 2 is sampled K2 = 8 times at temperature
τ2 = 0.25. Full prompt templates and pseudocode
are provided in Appendix A.
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3.4 CAST and CASC Voting

The key design decision that distinguishes CAST
from pooling-based methods is the treatment of
Phase-1 votes on uncertain questions. When the
model is uncertain, the Phase-1 votes are by defini-
tion conflicted. Including them in the final vote can
dilute the signal from the contrastive adjudication
phase. CAST instead discards Phase-1 votes en-
tirely on triggered questions and returns the major-
ity vote over Phase-2 adjudication responses only:

âCAST =




âSC, if not triggered,

argmaxa
∑K+K2

k=K+1 1[âk = a], if triggered.
(2)

We additionally evaluate CASC, a pooled variant
that combines Phase-1 and Phase-2 votes subject
to a do-no-harm guard. CASC takes the majority
vote over all K +K2 answers only when pooled
confidence exceeds Phase-1 confidence by at least
δ = 0.10. Otherwise, CASC keeps the Phase-
1 majority vote. CASC serves as an ablation to
isolate the contribution of adjudication-only voting.

3.5 Application to Free-Response Clinical
Conversations

For HealthBench, answers are free-response clini-
cal outputs rather than answer letters. We keep the
same Phase 1, trigger, and Phase 2 structure, but
change how response paths are formed and how the
final response is selected. Phase 1 samples K = 5
candidate clinical responses to the same conver-
sation. Because free-response paths do not map
cleanly to answer clusters, a selector with no ac-
cess to rubrics, ideal completions, gold information,
answer keys, or grader feedback chooses the best
Phase-1 response, estimates confidence, and identi-
fies distinct response paths using only the original
conversation and model-generated candidates.

A HealthBench example is treated as uncertain
when the selector indicates that adjudication is
needed or when its confidence falls below θ = 0.70.
Phase 2 then receives the original conversation and
the two strongest or most distinct Phase-1 response
paths, and generates K2 = 8 adjudicated responses
at temperature τ2 = 0.25. CAST selects the fi-
nal response from the Phase-2 responses only on
triggered examples, and otherwise keeps the Phase-
1 selected response. CASC selects between the
Phase-1 selected response and the Phase-2 candi-
date pool. Rubrics are used only after all method
outputs are fixed, for post-hoc grading. We discuss
the free-response selector, why we use it instead of

answer clustering, and the held-out trigger check
in Appendix B.

4 Experimental Setup

4.1 Datasets

We evaluate CAST on three biomedical bench-
marks spanning multiple-choice question answer-
ing and free-response clinical tasks.

MedMCQA - MedMCQA (Pal et al., 2022) is
a large-scale medical examination benchmark con-
taining clinically oriented multiple-choice ques-
tions across subjects including pathology, pharma-
cology, anatomy, and physiology.

PubMedQA - PubMedQA (Jin et al., 2019)
consists of biomedical research questions paired
with PubMed abstracts and yes/no/maybe labels de-
signed to evaluate scientific reasoning and evidence
interpretation.

HealthBench - HealthBench (Arora et al., 2025)
contains realistic free-response clinical conversa-
tions evaluated with physician-written rubrics. This
benchmark is especially useful for clinical deploy-
ment because the model must produce a patient-
facing clinical response rather than choose from a
fixed answer set.

To ensure consistent computational cost across
methods, we evaluate on fixed, randomly sampled
benchmark subsets consisting of 500 examples
from MedMCQA, 500 examples from PubMedQA,
and 500 examples from HealthBench, using the
same subset for all methods.

4.2 Model Configuration

Experiments use three model families: GPT-4o-
mini, DeepSeek V3, and Llama-4-Maverick. For
standard self-consistency, we sample K = 5 rea-
soning trajectories at temperature τ = 0.85. CAST
first performs the same sampling procedure and
computes vote confidence over sampled outputs.
When the trigger condition is met, CAST samples
K2 = 8 contrastive adjudication responses at tem-
perature τ2 = 0.25 and returns the majority vote
over Phase-2 responses only.

For HealthBench, outputs are free-response clin-
ical answers rather than answer letters. We there-
fore use a selector to choose among generated clin-
ical responses and estimate whether adjudication
is needed. The selector has no access to rubrics,
ideal completions, gold information, answer keys,
or grader feedback. Rubrics are used only after
all method outputs are fixed, for post-hoc grading.
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We include the selector prompt and the held-out
HealthBench trigger comparison in Appendix B.

4.3 Baselines
We compare CAST against greedy decoding, stan-
dard self-consistency (SC), compute-matched self-
consistency (SC-CM), SC Max, and CASC. Greedy
decoding uses a single response. SC uses K = 5
sampled responses and selects the majority answer
for MedMCQA and PubMedQA, or the selected
best response for HealthBench. SC-CM uses the
same average compute budget as CAST for each
dataset and model. SC Max uses the maximum
sampling budget available for that setting. This is
usually 13 samples on the multiple-choice bench-
marks, matching the full K + K2 budget used
on triggered examples, but is adjusted for Health-
Bench because free-response selection and rubric-
call accounting change the total evaluation bud-
get. CASC is the pooled variant that combines
Phase-1 and Phase-2 votes subject to the do-no-
harm guard. CAST differs from CASC by voting
only over Phase-2 adjudication responses on trig-
gered questions.

4.4 Evaluation Metrics
For MedMCQA and PubMedQA, we report exact-
match accuracy. For HealthBench, we report
physician-rubric score on free-response clinical
conversations.

To evaluate uncertainty-aware behavior, we also
report performance on the triggered subset: ques-
tions where the Phase 1 responses exhibit enough
disagreement to activate CAST. We report ∆unc as
the improvement of CAST over SC on this trig-
gered subset. This is the only subset where CAST
can change the output, since confident questions
return the same output as SC by design.

5 Results

Table 1 reports overall performance on MedMCQA,
PubMedQA, and HealthBench. For MedMCQA
and PubMedQA, we report exact-match accuracy.
For HealthBench, we report physician-rubric score
on free-response clinical conversations. Across all
three datasets and all three model families, CAST is
the strongest method. CAST outperforms standard
SC, compute-matched SC, SC Max, and CASC in
every model-dataset setting.

The gains are not explained by simply sampling
more reasoning paths. On MedMCQA and Pub-
MedQA, CAST improves over SC by up to +5.8

percentage points overall, and it also outperforms
SC Max, which uses 13 samples. On HealthBench,
CAST improves over SC by +1.0 to +2.4 rubric-
score points, despite the harder free-response set-
ting. This pattern supports the main claim: adjudi-
cating competing reasoning paths is more effective
than only adding more samples.

The largest gains appear exactly where CAST is
designed to help. On triggered questions, where
Phase 1 responses disagree, CAST improves over
SC by +4.7% to +29.0% across the multiple-choice
benchmarks. The largest gain appears on Pub-
MedQA with GPT-4o-mini, where CAST improves
triggered-question accuracy from 28.0% to 57.0%.
On HealthBench, CAST also improves triggered
examples, with gains of +1.8 to +4.0 rubric-score
points. This confirms that the trigger identifies
questions where extra computation is most useful.

CAST also outperforms CASC in every setting.
CASC often improves over SC, but pooling Phase-1
and Phase-2 votes still underperforms adjudication-
only voting. This ablation demonstrates that once a
question triggers, the Phase-1 votes can dilute the
adjudication signal rather than strengthen it.

On the multiple-choice benchmarks, CAST re-
mains incredibly compute-efficient. It triggers on
only 8.0% to 20.0% of questions and averages
roughly 1.2 additional generation calls per ques-
tion. HealthBench requires additional selector as
described in Appendix B and rubric-call account-
ing because the outputs are free-response clinical
answers rather than answer letters. Still, however,
the selective trigger makes the method meaning-
fully more computationally efficient. To further
test generalization, we evaluated CAST on Claude
Sonnet 5, a substantially stronger frontier reason-
ing model, across MedMCQA, PubMedQA, and
the non-clinical StrategyQA benchmark using the
same fixed threshold θ = 0.70 with no model- or
dataset-specific retuning, where CAST again out-
performed every baseline, improving over SC on
the triggered subset (∆unc) by +8.0% to +25.0%.

6 Discussion

A central finding of this work is that CAST out-
performs both compute-matched SC and SC Max.
This means the gains are not just a function of us-
ing more model calls. Standard SC asks the same
question again and counts votes. CAST uses the
disagreement from those votes to build a stronger
second prompt, where the model must compare
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Dataset Model SC SC-CM SC Max CASC CAST Trigger ∆unc

MedMCQA
GPT-4o-mini 68.0% 67.4% 67.6% 68.6% 68.8% 17.0% +4.7%
DeepSeek V3 74.8% 75.4% 76.2% 76.0% 77.2% 10.4% +23.1%
Llama-4-Maverick 80.0% 80.0% 79.8% 80.0% 80.4% 8.0% +4.8%

PubMedQA
GPT-4o-mini 35.2% 35.0% 35.4% 38.8% 41.0% 20.0% +29.0%
DeepSeek V3 46.8% 47.4% 48.2% 48.8% 49.2% 17.4% +13.8%
Llama-4-Maverick 58.0% 58.8% 59.2% 58.6% 59.8% 13.6% +13.2%

HealthBench
GPT-4o-mini 14.0% 13.6% 14.2% 15.3% 15.8% 55.0% +3.3%
DeepSeek V3 24.4% 24.7% 24.6% 24.9% 25.4% 55.6% +1.8%
Llama-4-Maverick 14.6% 15.8% 15.1% 16.3% 17.0% 60.0% +4.0%

Table 1: Overall performance across MedMCQA, PubMedQA, and HealthBench. MedMCQA and PubMedQA
report exact-match accuracy; HealthBench reports normalized physician-rubric score. ∆unc is CAST’s gain over SC
on triggered questions. CAST outperforms CASC, the pooled variant, and all baselines in every setting.

Figure 2: CAST improves over SC across datasets and model families. Panel A shows overall gain; Panel B shows
gain on triggered questions, where CAST can change the output.

the competing reasoning paths and resolve the con-
flict directly. This suggests that CAST’s gains are
not explainable by the number of reasoning paths
sampled alone (Lightman et al., 2024; Cobbe et al.,
2021).

CAST also consistently outperforms CASC, the
pooled variant with a do-no-harm guard. This
shows that the final voting rule matters. When the
model is uncertain, the Phase-1 votes are already
conflicted. Pooling those votes with adjudication
responses can preserve the same uncertainty that
Phase 2 was meant to resolve. CAST avoids this
by voting only over the Phase-2 adjudication re-
sponses on triggered questions.

The overall gains come from the uncertain sub-
set, where the model initially follows competing
paths. CAST leaves confident questions unchanged
and spends extra computation where the model is
least stable, rather than increasing compute uni-
formly across all questions, which is promising
for future clinical evaluation. Threshold and hy-
perparameter sensitivity analyses are provided in
Appendix C.

7 Clinical Deployment Considerations

A key motivation for this work is the practical
deployment of LLMs in clinical settings, where
inference-time reliability directly affects patient
safety. CAST is useful here for three reasons. First,
it applies additional computation only when the
model is uncertain, triggering on only a subset of
questions, and even in contexts where uncertainty
is high, CAST still significantly reduces necessary
computation. Second, CAST is a purely inference-
time method and requires no modification to model
weights, labeled training data, or domain-specific
fine-tuning. Third, the trigger itself provides a nat-
ural uncertainty flag: questions that activate Phase
2 are questions where the model’s initial reasoning
was conflicted, and can be routed to human review
instead of returning an automated answer.

8 Conclusion

We presented CAST (Contrastive Adjudication via
Selective Triggering), a lightweight inference-time
method that detects model uncertainty through dis-
agreement across sampled reasoning paths and
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triggers contrastive adjudication only when confi-
dence falls below a threshold. Across MedMCQA,
PubMedQA, and HealthBench, CAST consistently
outperforms standard self-consistency, compute-
matched self-consistency, SC Max, and CASC,
with the largest gains on uncertain questions while
leaving confident questions unchanged. These re-
sults suggest that resolving disagreement directly is
more effective than simply sampling more answers,
making CAST practical for uncertainty-aware clin-
ical LLM deployment.

9 Limitations

While CAST is more computationally efficient than
uniformly running the contrastive stage on every
question, owing to its selective triggering mecha-
nism, it still requires multiple API calls per ques-
tion. In clinical settings, the additional calls re-
quired for resampling and contrastive adjudication
may not be available. We continue to pursue fu-
ture work aimed at achieving uncertainty aware
clinical deployment in further resource-constrained
settings.

Additionally, while HealthBench provides a
benchmark aimed to replicate the clinical indus-
try, true deployment in healthcare settings comes
with additional safety and privacy concerns. Future
work is aimed at integrating this paradigm into live
clinical workflows. Our work isolates CAST as
a promising candidate for testing with a medical
team, and we are pursuing this direction. Ulti-
mately this future work will inform us of additional
real-world deployment challenges.

Finally, our evaluation on HealthBench and other
free response benchmarks requires additional com-
putation due to its more complex mechanisms. Fu-
ture work should consider strategies to alleviate this
additional computational burden. Future work may
also test CAST on additional samples, datasets, and
benchmarks to understand strategies for real world
deployment of CAST in the clinical industry and
beyond.
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A Prompts and Algorithm

A.1 Multiple-Choice Prompts
Phase 1 prompt. You are a senior medical consul-
tant. Think step by step: mechanisms, differentials,
eliminate wrong options. Show your reasoning
chain for each option considered. End with exactly:
FINAL ANSWER: X, where X is A, B, C, or D.

Contrastive adjudication prompt. Original
question and answer options: [question and op-
tions]. Two independent medical consultants dis-
agreed. Argument for [majority answer]: [strongest

Algorithm 1: Contrastive Adjudication
via Selective Triggering (CAST)

Input :Question q, options O, model
M, sample sizes K,K2,
threshold θ, minority share µ.

Output :Final answer â.
1 Sample K Phase-1 reasoning chains from

M(q,O);
2 Extract final answers {â1, . . . , âK};
3 Compute vote confidence C and minority

share m;
4 If C < θ and m ≥ µ, cluster Phase-1

trajectories by final answer;
5 Select the strongest argument for each

competing answer;
6 Build the contrastive adjudication prompt;
7 Sample K2 Phase-2 adjudication

responses;
8 return the majority vote over Phase-2

answers only;
9 If the trigger condition is not met, return

the majority vote over Phase-1 answers;

majority reasoning trace]. Argument for [minority
answer]: [strongest minority reasoning trace]. Iden-
tify the specific pharmacological, physiological, or
anatomical error in the weaker argument. Then
commit to the answer with correct first-principles
reasoning. End with exactly: FINAL ANSWER:
X, where X is A, B, C, or D.

A.2 CAST Algorithm

B HealthBench Free-Response Setup

For HealthBench, the multiple-choice clustering
approach does not transfer directly because out-
puts are free-response clinical answers rather than
answer letters. Two responses can use different
wording while giving the same clinical advice, and
two responses can look similar while missing dif-
ferent safety points. We therefore use a selector to
choose the best Phase-1 response, estimate confi-
dence, and identify distinct response paths.

The selector has no access to rubrics, ideal com-
pletions, gold information, answer keys, scoring
rules, or grader feedback. It sees only the original
clinical conversation and the model-generated can-
didate responses. It returns the best candidate, a
confidence score from 0.0 to 1.0, whether adjudi-
cation is needed, and up to two distinct response
paths. CAST triggers Phase 2 when the selector
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says adjudication is needed or confidence is below
θ = 0.70.

B.1 HealthBench Prompts

Phase 1 prompt. You are a careful medical assis-
tant responding to the user’s latest message in a
health conversation. Use only the conversation. Be
medically safe, accurate, concise, and helpful. Give
urgent-care advice when appropriate. Acknowl-
edge uncertainty when information is incomplete.
Return only valid JSON with exactly two keys:

• rationale: a concise high-level clinical jus-
tification, not hidden chain-of-thought;

• final_response: the exact assistant re-
sponse to send to the user.

Selector prompt. Original conversation: [con-
versation]. Candidate responses: [candidate re-
sponses with rationales]. Task: Pick the single
best candidate response for the user. Estimate
confidence from 0.0 to 1.0 that this candidate is
clearly best. Say whether adjudication is needed
because top candidates contain clinically meaning-
ful disagreements, safety or triage differences, or
important omissions. Identify up to two strongest
distinct response paths. Each path should cite can-
didate indices and summarize the path’s strengths
and risks. Return only JSON with best_index,
confidence, needs_adjudication, ranking,
and distinct_paths.

Contrastive adjudication prompt. Original
conversation: [conversation]. Two strongest or
most distinct response paths from Phase 1: Path
A: [path summary, strengths, risks, candidate ra-
tionale, final response]. Path B: [path summary,
strengths, risks, candidate rationale, final response].
Selector confidence for Phase-1 best: [confidence].
Selector said adjudication needed: [true/false].
Now perform contrastive adjudication between
these paths and produce the best final assistant
response for the original conversation. Check
whether either path misses a clinically important
safety point, triage or red-flag point, medication
or contraindication point, or follow-up and uncer-
tainty point. Use only the original conversation and
the candidate paths above. Do not use or infer any
benchmark rubric, answer key, ideal completion,
scoring rule, or grader feedback.

Post-hoc grader prompt. You are grad-
ing a HealthBench-style medical answer against

physician-written rubric criteria. Use only the con-
versation, the candidate response, and the rubric
criteria shown here. For each criterion, decide
whether it is satisfied. Return only valid JSON.

B.2 Free-Response Trigger Check

We also tested a clustering-style trigger for Health-
Bench on a 200-question held-out validation set.
The selector version had higher average accuracy
across the three models. The clustering-style trig-
ger was also much less selective; for GPT-4o-mini,
it triggered Phase 2 on more than 94% of questions.
These results led us to use the selector method for
HealthBench, because it gave a better uncertainty
test and avoided triggering Phase 2 on nearly every
example.

C Hyperparameter and Threshold
Sensitivity

We performed parameter selection on a 200-
question held-out MedMCQA validation subset.
Table 2 reports accuracy under different values of
K and K2, with threshold fixed at θ = 0.70. Per-
formance is relatively stable across values of K2,
suggesting the method is not sensitive to the exact
number of contrastive samples. We use K = 5
and K2 = 8 in the main experiments as the best
performance.

K K2 Trigger Accuracy

3 2 18.5% 69.5%
3 3 18.5% 70.5%
3 5 18.5% 72%
5 3 16% 71%
5 8 16% 73%

Table 2: Sensitivity to hyperparameters K and K2 on
the 200-question held-out MedMCQA validation subset.
We fix θ = 0.70 throughout all experiments.

The confidence threshold θ controls the trade-
off between triggering rate and selectivity. Lower
values trigger fewer questions and approach SC
performance. Higher values trigger more questions
but can resample confident questions unnecessarily.
In our experiments, θ = 0.70 gave the best balance
on the same 200-question held-out MedMCQA val-
idation subset.

D Additional Graphs and Tables

The following supplemental table and figures sup-
port the main trends reported in Table 1, includ-
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Figure 3: Effect of confidence threshold θ on CAST
accuracy and trigger rate on the 200-question held-out
MedMCQA validation subset with GPT-4o-mini. Accu-
racy peaks at θ = 0.70.

Figure 4: CAST outperforms CASC on triggered ques-
tions.

ing CAST’s gains over CASC and its behavior on
HealthBench.

Dataset Model CASC CAST

MedMCQA GPT-4o-mini +3.5% +4.7%
MedMCQA DeepSeek V3 +11.5% +23.1%
MedMCQA Llama-4-Maverick +0.0% +4.8%
PubMedQA GPT-4o-mini +18.0% +29.0%
PubMedQA DeepSeek V3 +11.5% +13.8%
PubMedQA Llama-4-Maverick +4.4% +13.2%

Table 3: Triggered-subset ablation comparing CASC
against CAST. CASC pools Phase-1 and Phase-2 votes,
while CAST votes only over Phase-2 adjudication re-
sponses.

Figure 5: Healthbench results on free-response clinical
conversations.

Dataset Method Accuracy
Trigger

Rate

MedMCQA CAST (fixed θ) 76.0% 5.5%
MedMCQA CAST (adaptive θ) 75.5% 3.0%
PubMedQA CAST (fixed θ) 66.5% 14.0%
PubMedQA CAST (adaptive θ) 66.0% 14.0%

Table 4: Comparison of the fixed threshold θ =
0.70 against an empirically calibrated, per-bin adaptive
threshold on a held-out calibration split disjoint from
evaluation. The adaptive threshold yields statistically
indistinguishable performance (paired bootstrap), indi-
cating that θ = 0.70 is not a fragile choice.
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