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ABSTRACT

Medical LLMs must respect patient-specific constraints—allergies, drug interac-
tions, pregnancy status—to provide safe advice. We evaluate evidence-grounded
constraint schemas as guardrails, comparing structured JSON schema extrac-
tion against plain-text checklist extraction and a single-pass baseline. On 500
constraint-salient cases from LiveMedBench, neither guardrail approach improves
over the baseline: the structured schema scores 0.522 versus baseline 0.535
on constraint-focused rubric (A = —0.013), while the checklist scores 0.512
(A = —0.024). Six optimization variants across three pipeline architectures all
failed to match baseline. Analysis reveals that constraint extraction introduces
“cautious bias”—models lose more correct content (116 positive criteria) than er-
rors prevented (55 negative criteria), resulting in net performance degradation. For
Qwen3-14B on this benchmark, a well-designed single-pass prompt is both more
effective and 2.4-2.7 x more efficient than multi-pass guardrail pipelines.

WARNING: This paper was generated by an automated research system. The code
is publicly availableE]

1 INTRODUCTION

Large language models are increasingly deployed to assist with medical responses, from patient
triage to medication guidance. In these settings, a frequent source of harm is not exotic medical
knowledge, but failure to apply patient-specific constraints—allergies, drug interactions, pregnancy
status, renal impairment—to otherwise standard guideline advice (Han et al., |2024; Zhao et al.,
2025)). Recent benchmarks identify this Contextual Neglect and Integration Failure (CNIF) as a
dominant failure mode in strong models (Yan et al., 2026} |Arora et al., |2025): models possess
relevant medical knowledge but fail to integrate patient-specific constraints appropriately.

A natural approach to address CNIF is multi-pass guardrail pipelines that explicitly extract patient
constraints and use them to guide response revision. Self-refinement methods (Madaan et al., [2023))
have shown promise for iterative improvement, while structured outputs enable reliable constraint
extraction. Checklists have been proposed for LLM alignment (Viswanathan et al., 2025)), suggest-
ing that explicit constraint representations could help models avoid violations. We hypothesize that
evidence-grounded constraint schemas—extracting patient constraints into structured JSON format
with verbatim evidence quotes—should improve constraint handling compared to unstructured ap-
proaches.

We conduct a thorough empirical evaluation on LiveMedBench, testing this hypothesis across 3
main conditions and 6 optimization variants spanning 3 distinct pipeline architectures. Our key
finding is negative: neither structured JSON schemas nor plain-text checklists improve over a well-
designed single-pass baseline. We identify “cautious bias” as the failure mechanism—constraint
extraction causes models to omit correct medical content while attempting to avoid violations. Our
contributions are:

1https://gitlab.com/farsfa/livemedbenchfcontextualfconstraintsfguardrail
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* A controlled comparison of structured JSON schema guardrails versus plain-text checklist
guardrails on 500 constraint-salient medical cases from LiveMedBench.

* A robust negative result: the single-pass baseline outperforms all 9 guardrail variants tested,
with the proposed schema guardrail scoring —0.013 below baseline on constraint-focused
rubric.

* Identification of “cautious bias” as the failure mechanism: guardrail pipelines lose 116 pos-
itive criteria while only avoiding 55 negative criteria, resulting in net performance degra-
dation.

* Practical guidance: for Qwen3-14B on LiveMedBench, a well-designed single-pass prompt
is more effective and 2.4-2.7 x more efficient than multi-pass guardrail pipelines.

2 METHOD

2.1 PROBLEM FORMULATION

We address the task of generating medical advice that respects patient-specific constraints. Given
a medical question containing a patient narrative and a core request, the model must produce a
response that (1) provides medically appropriate guidance and (2) avoids recommendations that
violate stated patient constraints. These constraints include allergies, current medications, medical
conditions (e.g., renal impairment, pregnancy), and contraindications that should modify standard
guideline advice.

Prior work on medical LLM evaluation identifies Contextual Neglect and Integration Failure (CNIF)
as a dominant failure mode, where models possess relevant medical knowledge but fail to apply
patient-specific constraints appropriately (Yan et al., 2026). We investigate whether explicit con-
straint extraction and structured revision can reduce such failures.

2.2 EXPERIMENTAL CONDITIONS

We compare three conditions that differ in how patient constraints are handled, illustrated in Fig-
ure(l] All conditions use the same base model and output template to isolate the effect of constraint
handling.

Condition A (Single-Pass Baseline). The model generates a response in a single call using a strong
prompt that explicitly instructs it to consider patient-specific constraints. The prompt includes a
structured output template with four sections: brief assessment, recommendations, safety consider-
ations and contraindications, and clarifying questions. This represents a well-engineered baseline
that many practitioners would deploy.

Condition B (Checklist Guardrail). @A 3-pass pipeline inspired by self-refinement ap-
proaches (Madaan et al.| 2023)): (1) extract patient constraints as a plain-text checklist with evi-
dence quotes from the narrative, (2) generate a draft response using the same prompt as Condition
A, and (3) revise the draft by checking each recommendation against the checklist. Each extracted
constraint must include a verbatim evidence quote from the input narrative.

Condition C (Schema Guardrail). The proposed approach uses the same 3-pass pipeline as Con-
dition B, but extracts constraints into a structured JSON schema with eight canonical categories:
demographics, pregnancy/breastfeeding status, allergies, comorbidities, current medications, re-
nal/hepatic function, anticoagulation/bleeding risk, and red-flag symptoms. Each field requires an
evidence quote that is programmatically verified as a substring of the narrative. The structured
format enforces coverage of all constraint categories and enables systematic verification.

The key comparison is between Conditions B and C, which receive identical information (constraint
content and evidence quotes) but differ only in representation format. This isolates whether struc-
tured schemas provide benefit beyond unstructured checklists.

2.3 EVALUATION

Dataset. We evaluate on LiveMedBench (Yan et al., [2026)), a continuously updated benchmark
of real-world medical cases with case-specific weighted rubrics. From the v202601 release (2,756
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Figure 1: Overview of the three experimental conditions. Condition A (left): Single-pass baseline
where the model generates a response directly. Condition B (middle): Plain-text checklist guardrail
with 3-pass pipeline (extract constraints as checklist — generate draft — revise with checklist).
Condition C (right): Structured JSON schema guardrail with 3-pass pipeline (extract constraints as
JSON schema — generate draft — revise with schema).

cases), we select a constraint-salient subset of N = 500 cases by ranking cases by the number
of rubric criteria matching constraint-related keywords (e.g., “contraindication,” “allergy,” “preg-

nancy,” “renal”). This focuses evaluation on cases where constraint handling is most relevant.

Metrics. We report three metrics: (1) Overall rubric score: the normalized score across all rubric
criteria, computed by the official GPT-4.1 grader (Zheng et al,, [2023)); (2) Constraint-focused
rubric score: the same normalized score restricted to criteria matching constraint keywords; and
(3) Negative-criteria rate: the mean number of negative-point criteria satisfied per case (lower is
better), measuring constraint violations.

Model and Infrastructure. We use Qwen3—14B—InstructE] served via vLLM with tensor parallelism
across 2 GPUs. All generations use temperature 0 and max_tokens of 1024 (2048 for revision
steps). Thinking mode is disabled to ensure all tokens contribute to the response. See Appendix [A]
for additional implementation details.

3 EXPERIMENTS

3.1 MAIN RESULTS

Table[T]presents the main experimental results comparing the three conditions on the LiveMedBench
constraint-salient subset.

The single-pass baseline (Condition A) achieves the highest scores on both overall rubric (0.517)
and constraint-focused rubric (0.535), outperforming both guardrail conditions. The structured
JSON schema guardrail (Condition C) scores 0.522 on constraint-focused rubric, representing a
A = —0.013 degradation from baseline. The plain-text checklist guardrail (Condition B) performs
even worse, with A = —0.024 on constraint-focused rubric.

Notably, Condition B achieves the lowest negative-criteria rate (0.342 vs 0.358 for A), suggesting
it successfully avoids some constraint violations. However, this comes at the cost of substantially

https://huggingface.co/Qwen/Qwen3-14B
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Table 1: Main experimental results on LiveMedBench constraint-salient subset (N = 500). Con-
dition A (single-pass baseline) outperforms both guardrail conditions on rubric metrics while using
2.4-2.7x fewer tokens. Best values in bold.

Condition  Pipeline Overall T Constraint T Neg-Rate | Tokens A Overall A Constraint
A Single-pass 0.517 0.535 0.358 706 — —

B 3-pass checklist 0.504 0.512 0.342 1,695 —-0.013 —0.024

C 3-pass schema 0.509 0.522 0.362 1,898 —0.007 —0.013

Table 2: Optimization variants tested across two rounds. None improved over the single-pass base-
line (A). The best variant (C_opt) still scored —0.037 below baseline on constraint-focused rubric.
Best values in bold.

Variant Architecture Overall t Constraint T A vs A
A (Baseline) Single-pass 0.517 0.535 —

C_opt 3-pass fixed 0.494 0.499 —0.037
B_opt 3-pass fixed 0.497 0.506 —0.029
C_aug 2-pass JSON 0.451 0.465 —0.070
B_aug 2-pass text 0.428 0.450 —0.085
C_rules 2-pass NL rules 0.462 0.458 —0.077
A _rules_session  Single-pass (rebase) 0.504 0.524 —0.011

worse overall performance, indicating the model becomes overly conservative and omits correct
medical content. The guardrail conditions also incur significant computational overhead, consuming
2.4x (B) to 2.7x (C) more tokens than the single-pass baseline for worse results.

3.2 OPTIMIZATION ATTEMPTS

To rule out implementation issues, we conducted two rounds of optimization testing six additional
pipeline variants across three distinct architectures. Table [2| summarizes these results.

The optimization variants span three architectures: (1) 3-pass fixed (C_opt, B_opt): the original 3-
pass pipeline with bug fixes; (2) 2-pass augmented (C_aug, B_aug): extract constraints and inject
them into a single-pass prompt without separate revision; and (3) 2-pass NL rules (C_rules): extract
JSON constraints, convert to natural language safety rules, then generate. All six variants failed
to match the single-pass baseline, with the 2-pass augmented approaches performing worst (A =
—0.070 to —0.085).

3.3 FAILURE ANALYSIS

Case-level analysis reveals a consistent pattern we term “cautious bias’: constraint extraction causes
the model to focus on avoiding violations at the expense of providing comprehensive medical advice.
Comparing the C_rules variant against its same-session baseline (A _rules_session), we find that the
guardrail pipeline lost 116 positive criteria (correct content omitted) while only avoiding 55 negative
criteria (errors prevented). Furthermore, it introduced 60 new errors, resulting in a net increase of
5 errors per the subset. This asymmetry explains why guardrail conditions achieve lower negative-
criteria rates but worse overall scores—the model becomes overly conservative, sacrificing correct
medical content to avoid potential constraint violations.

The high within-condition variance (standard deviation 0.29-0.43) suggests substantial case-level
heterogeneity. However, the consistent direction of effects across all nine conditions (3 main + 6
optimization variants) strengthens confidence in the negative result.
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4 RELATED WORK

Medical LLM Evaluation. Recent benchmarks have shifted from multiple-choice knowledge tests
to open-ended, rubric-based evaluation that better reflects clinical communication requirements.
LiveMedBench (Yan et al.l 2026)) provides continuously updated cases with automated rubric grad-
ing, identifying contextual neglect as a dominant failure mode. HealthBench (Arora et al.|, [2025)
introduced large-scale physician-authored rubrics, while MedSafetyBench (Han et al.l 2024) and
RxSafeBench (Zhao et al.l [2025)) focus specifically on medical safety and medication contraindica-
tions. Our work targets the constraint-handling failures identified by these benchmarks.

Self-Refinement and Iterative Prompting. Self-Refine (Madaan et al.l 2023) demonstrated that
iterative self-feedback can improve outputs without additional training, inspiring our multi-pass
pipeline design. CRITIC (Gou et al., |2023) extended this with tool-interactive critiquing. However,
recent surveys report negative results for self-correction without external feedback (Kamoi et al.|
2024; [Huang et al., [2023)), finding that LLMs often cannot reliably identify and correct their own
errors. Our findings align with this literature—the revision step in our guardrail pipelines does not
yield net improvements.

Structured Outputs and Constraint Following. Work on complex instruction following (Liu et al.,
2025; He et al., 2024) studies multi-constraint scenarios, while checklists have been proposed for
LLM alignment (Viswanathan et al.l |2025). Our work applies these ideas to medical constraint
handling, testing whether structured JSON schemas provide benefit over unstructured checklists.
The negative result suggests that for this model-benchmark combination, the representation format
matters less than the fundamental challenge of integrating constraints into responses.

5 CONCLUSION

We evaluated evidence-grounded constraint schemas as guardrails for medical LLMs, testing
whether structured JSON extraction improves constraint handling over plain-text checklists. Our
thorough empirical investigation—spanning 3 main conditions and 6 optimization variants across
3 pipeline architectures—yields a clear negative result: neither structured schemas nor plain-text
checklists improve over a well-designed single-pass baseline on LiveMedBench. The guardrail
pipelines introduce “cautious bias,” causing models to omit correct medical content while attempt-
ing to avoid constraint violations. For Qwen3-14B on this benchmark, a single-pass strong prompt
is both more effective and more efficient than multi-pass guardrail pipelines. These results may not
generalize to other models or benchmarks; future work should explore training-based approaches or
different model architectures that may better integrate constraint information.
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A IMPLEMENTATION DETAILS

All experiments use Qwen3-14B-Instruct served via vLLM 0.12.1 with tensor paral-

lelism across 2 A100 GPUs.  Generation parameters: temperature=0, max_tokens=1024

(2048 for revision steps). The constraint-salient subset was selected by ranking

LiveMedBench v202601 cases by the count of rubric criteria matching the regex:
contraindicat|allerg|pregnan|breastfeed|renal |egfr|hepaticlanticoag|interaction|avoi
not |not recommend. The top 500 cases by this score were selected, with ties broken by

case_id. Grading was performed using GPT-4.1 via the official LiveMedBench evaluation script.
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