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Abstract001

Large language models can produce fluent judg-002
ments for clinical natural language inference,003
yet they frequently fail when the decision re-004
quires the correct inferential schema rather than005
surface matching. We introduce CARENLI,006
a compartmentalised agentic framework that007
routes each premise–statement pair to a reason-008
ing family and then applies a specialised solver009
with explicit verification and targeted refine-010
ment. We evaluate on an expanded CTNLI011
benchmark of 200 instances spanning four012
reasoning families: CAUSAL ATTRIBUTION,013
COMPOSITIONAL GROUNDING, EPISTEMIC014
VERIFICATION, and RISK STATE ABSTRAC-015
TION. Across four contemporary backbone016
models, CARENLI improves mean accuracy017
from about 23% with direct prompting to about018
57%, a gain of roughly 34 points, with the019
largest benefits on structurally demanding rea-020
soning types. These results support compart-021
mentalisation plus verification as a practical022
route to more reliable and auditable clinical023
inference.024

1 Introduction025

Despite impressive surface-level performance on026

natural language inference (NLI) benchmarks027

(Bowman et al., 2015; Williams et al., 2018; Wang028

et al., 2019), large language models (LLMs) ex-029

hibit systematic failures in clinical reasoning when030

inference requires adherence to structured, domain-031

specific constraints, (Gururangan et al., 2018; Mc-032

Coy et al., 2019; Ribeiro et al., 2020; Marcus and033

Davis, 2020; Agrawal et al., 2025; Jullien et al.,034

2023b, 2024); in settings where tolerance for sys-035

tematic error is effectively zero, such failures have036

been associated with unsafe medical guidance and037

documented patient harm (Draelos et al., 2025;038

Eichenberger et al., 2025; Reddy and Reddy, 2025;039

Omiye et al., 2023; Goh et al., 2024; Amodei et al.,040

2016).041

This limitation is captured by the diagnos- 042

tic CTNLI benchmark of Jullien et al. (2025), 043

which targets four core clinical reasoning capabili- 044

ties: Causal Attribution, Compositional Grounding, 045

Epistemic Verification, and Risk State Abstraction. 046

Evaluation of six frontier large language models 047

reveals systematic and reproducible violations of 048

fundamental inference principles, resulting in a 049

collapse of reasoning trajectories. Under a zero- 050

tolerance evaluation regime, models achieve an 051

average accuracy of only 0.25%. Even in this con- 052

strained setting, such performance demonstrates a 053

fundamental misalignment between current LLM 054

reasoning mechanisms and the requirements of clin- 055

ical inference, necessitating substantive corrective 056

intervention rather than incremental optimization. 057

This paper tests the hypothesis that CTNLI fail- 058

ures are driven by schema collapse, and that en- 059

forcing schema-conditioned, compartmentalised 060

decision procedures can mitigate this failure. We 061

propose Compartmentalised Agentic Reasoning for 062

Clinical NLI (CARENLI) (Fig. 1), a direct interven- 063

tion that decomposes inference into auditable roles: 064

a Router selects the reasoning family, a family- 065

specific Solver executes the corresponding proce- 066

dure and emits an explicit trace, a Verifier checks 067

premise grounding and procedural compliance, and 068

a Refiner applies minimal corrections when the 069

trace is partially correct but invalid. By explic- 070

itly binding inference to the appropriate schema, 071

CARENLI enforces validity criteria that reasoning- 072

agnostic prompting leaves implicit. 073

Our key contributions are: 074

Phenomenon. We characterise schema collapse 075

as a dominant reasoning failure mode in CTNLI, 076

in which models reuse a generic inference pattern 077

across heterogeneous clinical reasoning demands, 078

relying on surface-level pattern matching and pro- 079

ducing fluent but constraint-violating reasoning tra- 080

jectories. 081
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Compartmentalised Agentic Reasoning for Clinical NLI (CARENLI)

Premise:
Outcome: Rate of wound

healing at Day 14 following
topical application of silver

sulfadiazine. 40% of wounds
showed full epithelialization

 by Day 14.

Statement:
Silver sulfadiazine accelerates 

wound healing within two
weeks.

Causal Verifier Output: 

Fact Verification: 40% is not a
majority and no baseline

comparator exists

    Reasoning Verification: 
Without a control or 

comparator group, causal
inference cannot be  established.

Router Detects the dominant reasoning signature and
routes to the correct compartment.

Solver Applies reasoning type-specific reasoning rules
to the task.

Verifier

Refiner

Checks factual grounding and compliance with
expected reasoning schemas.

Applies the corrections from the verifier 

Causal Refiner Output:
     1) T = topical silver sulfadiazine; Y =
wound-healing speed within 2 weeks. 
2) 'Accelerates' asserts T→faster Y.      
   3) Premise is single-arm: no control is

reported.      
4) No valid comparator ⇒ cannot attribute

faster healing to T.

Label: Neutral

Causal Solver Output: 

1) T = topical silver sulfadiazine; 
Y = faster wound healing within 2 weeks. 

2) Evidence: 40% fully epithelialized by
Day 14 after T. 

3) Baseline-to-Day 14 improvement
assumed

4) A majority healed by Day 14, supports
acceleration.

  Label: Entailment

Router Output: Causal Reasoning

Clinical Trial Natural Language Inference Example

Figure 1: CARENLI: Compartmentalised agentic reasoning framework for Clinical Trial NLI. A Router assigns
each premise–statement pair to a dominant reasoning type (Causal Attribution, Compositional Grounding, Epistemic
Verification, or Risk State Abstraction). A reasoning-type-specific solver produces a provisional NLI label and
explicit reasoning trace, which a verifier audits for factual grounding and schema compliance, and a refiner minimally
corrects when needed. The figure illustrates the pipeline on a causal attribution example. Unlike generic prompting
strategies CARENLI enforces formalised, structured reasoning trajectories that are explicitly grounded in clinical
trial semantics and checked for logical consistency.

Mechanism. We introduce CARENLI, a com-082

partmentalised agentic framework that performs083

reasoning-family routing, executes family-specific084

solver procedures with explicit traces, and verifies085

trace-level validity against the premise.086

Validation. We extend and expert-validate a087

CTNLI benchmark, and demonstrate performance088

gains with CARENLI across four LLMs, with aver-089

age improvements of approximately +34 percent-090

age points in accuracy over generic prompting. We091

further analyse the contributions of CARENLI’s092

components and characterise cross–reasoning-type093

behaviour.094

2 Methodology095

2.1 Tasks and Dataset096

This evaluation is grounded in the domain of clin-097

ical natural language inference (CTNLI), where098

the objective is to determine whether a candidate099

statement is entailed, contradicted, or left undeter-100

mined by a given premise. We adopt and extend the101

controlled CTNLI benchmark introduced by Jul-102

lien et al. (2025), which decomposes inference into103

four reasoning families, each defined by explicit 104

inferential criteria: 105

i. CAUSAL ATTRIBUTION: distinguishes obser- 106

vational associations from causal claims, re- 107

quiring assessment of temporality, compara- 108

tors, and confounding. 109

ii. COMPOSITIONAL GROUNDING: evaluates 110

whether clinical validity follows from the joint 111

configuration of multiple interacting variables, 112

such as dose, drug and schedule. 113

iii. EPISTEMIC VERIFICATION: tests whether a 114

claim is supported by admissible evidence 115

rather than authority, assertion, or unsup- 116

ported diagnosis. 117

iv. RISK STATE ABSTRACTION: examines rea- 118

soning over latent or implicit clinical risks, 119

particularly when severity and likelihood must 120

be integrated. 121

Each reasoning type is formally specified 122

through typed templates that constrain the inferen- 123

tial operations required for a correct decision. For 124
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instance, causal attribution items require explicit125

evaluation of comparator conditions, while com-126

positional grounding items require compatibility127

checking across multiple clinical factors. All in-128

stances are instantiated from parametric templates,129

ensuring that variation is restricted to clinically130

meaningful dimensions, such as patient character-131

istics, or treatment regimens, while the underlying132

reasoning structure remains invariant.133

The benchmark has been substantially extended134

from its original formulation, using the same data135

construction and validation protocol as Jullien et al.136

(2025). This extended version comprises 200 in-137

stances, evenly distributed across reasoning types.138

Details of the data generation pipeline, expert139

validation procedure, and inter-annotator agree-140

ment analysis are provided in Appendix A.3.141

2.2 Compartmentalised Reasoning142

Prior work on the CTNLI benchmark (Jullien et al.,143

2025) reveals a systematic dissociation between144

knowledge access and inference in large language145

models. Across all four reasoning families, mod-146

els reliably encode the clinically relevant facts, as147

evidenced by near-ceiling performance on ground-148

knowledge probes, yet fail to apply these facts in149

accordance with the inferential criteria defining150

each task. The resulting errors are not stochastic.151

Instead, they are highly consistent within each rea-152

soning type, indicating the repeated application of153

uniform heuristics rather than principled inference.154

Causal claims are reduced to temporal association,155

compositional validity to single-attribute matching,156

epistemic judgment to deference to assertion, and157

latent risk assessment to frequency-based reason-158

ing. This pattern indicates a failure of inference159

deployment rather than knowledge acquisition.160

These failures can be understood as a con-161

sequence of treating semantically heterogeneous162

inference problems as instances of a single163

undifferentiated reasoning process. The four164

CTNLI families correspond to distinct inferential165

schemas with non-interchangeable validity condi-166

tions. Causal attribution depends on counterfac-167

tual and intervention-based reasoning, composi-168

tional grounding on multi-factor compatibility con-169

straints, epistemic verification on evidential hier-170

archies, and risk state abstraction on the integra-171

tion of severity and likelihood. Both cognitive172

theories of reasoning and formal semantic anal-173

yses characterise these schemas as structurally dis-174

tinct, each governed by its own representational175

requirements and decision rules (Sloman and Slo- 176

man, 2009; Johnson-Laird, 1983; Pearl, 2009). Col- 177

lapsing these type-distinct relations into a single 178

heuristic mode erases the constraints that make the 179

inferences meaningful, yielding locally coherent 180

but globally invalid judgments. 181

This diagnosis motivates the need for compart- 182

mentalised reasoning in clinical NLI. If errors 183

arise because models apply a uniform inference 184

strategy to tasks with incompatible structural de- 185

mands, then improving fidelity requires enforcing 186

explicit separation between reasoning families and 187

constraining inference to the principles specific 188

to each. Reasoning-agnostic prompting, includ- 189

ing free-form Chain-of-Thought (CoT), provides 190

no such separation and therefore permits heuris- 191

tic shortcuts that systematically violate reasoning- 192

type-specific criteria. By contrast, a compartmen- 193

talised design reinstates the boundaries between 194

causal, compositional, epistemic, and risk-based in- 195

ference, ensuring that each problem is solved using 196

the appropriate inferential schema. 197

In the following section, we operationalise this 198

principle through Compartmentalised Agentic Rea- 199

soning for Clinical NLI (CARENLI) (Fig 1). The 200

framework enforces compartmentalisation by de- 201

composing inference into specialised roles, en- 202

abling auditable, schema-aligned reasoning while 203

preserving coordination across stages. 204

2.3 CARENLI 205

Compartmentalised Agentic Reasoning for Clinical 206

NLI (CARENLI) instantiates compartmentalised 207

reasoning through an agentic pipeline that enforces 208

separation between problem recognition, inference 209

execution, validation, and correction (Fig 1). 210

Formally, given a premise–statement pair (p, s), 211

CARENLI computes a final entailment judgment ȳ 212

via a sequence of specialised agents: 213

(p, s)
R−→ F

SF−−→ (y, τ)
VF−−→ (v, cf , cp)

RF−−→ (ȳ, τ̄). 214

The router R assigns the instance to a reasoning 215

type F . A type-specific solver SF produces a pro- 216

visional label y with an explicit reasoning trace τ . 217

The verifier VF audits this trace for factual ground- 218

ing and schema compliance, emitting a violation 219

signal v and structured critiques (cf , cp). When 220

required, the refiner RF applies these critiques 221

through minimal edits to yield the final judgment ȳ 222

and trace τ̄ (illustrated in Fig. 1) 223
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Router. (p, s) R−→ F The Router R implements224

compartmentalisation at the level of problem recog-225

nition. It maps each (p, s) to exactly one reason-226

ing type F ∈ F , where F = {CAUSAL ATTRI-227

BUTION, COMPOSITIONAL GROUNDING, EPIS-228

TEMIC VERIFICATION, RISK STATE ABSTRAC-229

TION}.230

Solver. (p, s)
SF−−→ (y, τ) The solver SF per-231

forms reasoning-type-specific inference. Condi-232

tioned on the selected reasoning type F , it applies233

the corresponding decision procedure, and reason-234

ing principles to produce a provisional entailment235

label y and an explicit reasoning trace τ . Each236

solver is constrained by the normative criteria of its237

reasoning type, such as comparator requirements238

in CAUSAL ATTRIBUTION, multi-factor compati-239

bility in COMPOSITIONAL GROUNDING, eviden-240

tial hierarchies in EPISTEMIC VERIFICATION, or241

severity–likelihood integration in RISK STATE AB-242

STRACTION. Full specifications of the reasoning-243

type-specific solvers are provided in Section A.1.244

Verifier. (y, τ)
VF−−→ (v, cf , cp) Verification im-245

proves LLM reliability by surfacing unsupported246

claims and schema violations (Webson and Pavlick,247

2022; Quan et al., 2024). Given (y, τ ), VF per-248

forms fact verification, identifying non–premise-249

grounded or clinically inadmissible claims (Gravel250

et al., 2023; Aljamaan et al., 2024), and pattern ver-251

ification, checking compliance with the reasoning-252

type-specific inferential schema. It outputs a viola-253

tion signal v and structured fact- and pattern-level254

critiques (cf , cp) for downstream correction.255

Refiner. (y, τ, v, cf , cp)
RF−−→ (ȳ, τ̄) Conditioned256

on the violation signal v, the refiner RF applies the257

verifier’s critiques (cf , cp) via minimal, schema-258

preserving edits to the solver’s reasoning trace τ ,259

producing a final trace τ̄ and judgment ȳ.260

3 Empirical Evaluation261

We evaluate the CARENLI framework across four262

contemporary large language models: GPT-5.1263

(OpenAI, 2025), GPT-4.1 and GPT-4o-mini (Hurst264

et al., 2024), and DeepSeek R1 (Guo et al., 2025).265

Three evaluation settings are considered. First,266

the CARENLI framework, in which all agents are267

active. Second, an Oracle CARENLI ablation, in268

which the planning stage is bypassed and the cor-269

rect reasoning type is supplied directly to down-270

stream agents and serves as a diagnostic upper271

bound on planning quality. This condition is not 272

directly comparable as a deployable method, but 273

isolates the effect of planning accuracy. Third, base- 274

line prompting conditions, in which models are 275

tested under CoT prompting and direct answering 276

(Agnostic CoT, and Agnostic Direct). this setting, 277

prompts are reasoning-type agnostic and provide 278

no guidance toward the reasoning-type-specific in- 279

ferential schemas. 280

Each model–strategy pair is evaluated over the 281

full dataset (Section 2.1) across 4 runs; the Oracle 282

CARENLI ablation is run once. 283

4 Results 284

Figs 2–4 and Tables 1—4 show that CARENLI sub- 285

stantially improves CTNLI performance by enforc- 286

ing reasoning-type-specific decision procedures 287

rather than reasoning-agnostic prompting. Aggre- 288

gated across models and task families, CARENLI 289

reaches 56.8% macro accuracy, compared to 22.5% 290

for agnostic CoT and 23.1% for agnostic Direct, an 291

absolute gain of roughly +34%. Improvements are 292

consistent across all four backbones, though het- 293

erogeneous in magnitude (e.g., GPT-5.1 rises from 294

24% to 44%), reinforcing that scale alone does not 295

guarantee schema-faithful clinical reasoning. 296

Gains are largest for RISK STATE ABSTRAC- 297

TION and EPISTEMIC VERIFICATION, where 298

CARENLI attains 92.2% and 62.7% average ac- 299

curacy and recovers from near-collapse baselines 300

(Risk improves by +51.9% relative to the strongest 301

agnostic condition). CAUSAL ATTRIBUTION im- 302

proves more modestly to 46.5%, while COMPOSI- 303

TIONAL GROUNDING remains the weakest regime 304

despite improvement to 25.6%, indicating persis- 305

tent compositional failures in some backbones. 306

Component analyses attribute most of the gain 307

to the schema-constrained solver (Oracle Solver: 308

60.5%), with routing as the main bottleneck (70.8% 309

when correctly routed vs. 21.1% when misrouted). 310

Verifier and refiner stages contribute very marginal, 311

task-dependent gains (overall refinement +0.7%), 312

primarily when solver trajectories are partially cor- 313

rect but procedurally incomplete. 314

Qualitatively, CARENLI shifts model behavior 315

from plausibility narratives toward schema-aligned 316

traces that explicitly instantiate the reasoning type’s 317

decision criteria, making typical agnostic failures 318

traceable to specific missing checks (e.g., com- 319

parator enforcement, cross-factor constraints, or 320

severity-weighted risk integration). 321
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Figure 2: Overall accuracy on CTNLI tasks across all models and evaluation strategies (CARENLI, Oracle Router,
CoT, and Direct). Results are averaged over four runs per configuration.

4.1 Consistency Across Backbone Models322

Schema-constrained prompting consistently out-323

performs reasoning-agnostic baselines by an av-324

erage of 34% across diverse backbones. As325

shown in Fig 2 and Table 4, CARENLI outperforms326

the stronger of the two agnostic prompting base-327

lines for every evaluated model, yielding macro328

accuracy improvements of 37.3% for deepseek-r1,329

36.8% for gpt-4.1, 19.4% for gpt-5.1, and 38.2%330

for gpt4o-mini. While the magnitude of improve-331

ment varies with model capacity, no backbone ex-332

hibits a regression relative to prompting baselines.333

Model scale alone is an unreliable predictor334

of clinical reasoning accuracy. The smallest im-335

provement is observed for gpt-5.1, from 24.5%336

to 43.9%. The limited improvement observed for337

gpt-5.1 is consistent with prior findings that in-338

creased model scale does not reliably translate into339

improved clinical reasoning performance (Jullien340

et al., 2025).341

4.2 Performance by Reasoning Type342

CARENLI amplifies reasoning competence343

where inferential structure is tractable, but344

leaves residual failure modes in structure-345

intensive regimes. Fig 2 and Table 4 enable a346

reasoning-type–level analysis of CARENLI’s ef-347

fectiveness. Averaged across models, CARENLI348

achieves 92.2% accuracy on RISK ABSTRACTION,349

62.7% on EPISTEMIC VERIFICATION, 46.5% on350

CAUSAL ATTRIBUTION, and 25.6% on COMPOSI-351

TIONAL GROUNDING. 352

Relative to the strongest agnostic baseline 353

(CoT or Direct prompting, averaged across mod- 354

els), these results correspond to absolute gains 355

of +51.9% on RISK ABSTRACTION, +40% on 356

EPISTEMIC VERIFICATION, +15% on CAUSAL 357

ATTRIBUTION, and +20% on COMPOSITIONAL 358

GROUNDING. 359

These gains are uneven across reasoning regimes 360

and models. In some settings, CARENLI recovers 361

performance from near-baseline failure. For exam- 362

ple, COMPOSITIONAL GROUNDING accuracy for 363

GPT-4.1 increases from 3.5% under agnostic Direct 364

prompting to 59.5% under CARENLI. In contrast, 365

for gpt-5.1, CARENLI yields no improvement on 366

the same reasoning type, with accuracy remaining 367

at 0.40%. 368

When reasoning families are ranked by aver- 369

age agnostic baseline accuracy and by average 370

CARENLI accuracy (Fig 2 and Table 4), the or- 371

dering is identical: RISK ABSTRACTION, EPIS- 372

TEMIC VERIFICATION, CAUSAL ATTRIBUTION, 373

COMPOSITIONAL GROUNDING. In addition, ab- 374

solute CARENLI gains exhibit a positive correla- 375

tion with baseline agnostic performance (Pearson’s 376

r ≈ 0.54), indicating that reasoning regimes with 377

higher initial accuracy under agnostic prompting 378

tend to benefit more from CARENLI. 379

CARENLI amplifies existing latent compe- 380

tence rather than creating new reasoning capa- 381

bility. These results indicate that CARENLI ampli- 382
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fies latent reasoning competence rather than trans-383

forming underlying reasoning capacity. Structured384

prompting yields substantial gains where partial385

inferential structure is already expressed under ag-386

nostic prompting, but does not invert task difficulty387

or induce robust performance in regimes charac-388

terized by near-zero baseline accuracy. CARENLI389

primarily improves execution and constraint adher-390

ence, rather than introducing new compositional391

reasoning abilities where they are largely absent.392

4.3 Component-wise Analysis393

4.3.1 Router394
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Figure 3: Overall accuracy of reasoning classification
across models.

Incorrect reasoning-type routing induces395

downstream performance collapse. Fig 3 and396

Tables 1 and 5 summarise the Router’s behaviour.397

Averaged across all four backbones and all four398

reasoning families, the Router achieves 73.3% clas-399

sification accuracy, but performance is highly un-400

even across reasoning types: EPISTEMIC VERI-401

FICATION is near-ceiling (99.6–100%) and RISK402

ABSTRACTION is consistently high (83.6–90.9%),403

whereas CAUSAL ATTRIBUTION is only moderate404

(48.0–67.6%) and COMPOSITIONAL GROUNDING405

is the least stable (12.9–98.4%). The confusion ma-406

trix further indicates that misrouting is systematic407

rather than random, with particular concentration408

of errors in compositional cases.409

Routing quality has a large downstream effect.410

Averaged across all models and reasoning types,411

solver accuracy is 70.8% on correctly routed items412

versus 21.1% on misrouted items, an absolute gap413

of 49.7%. This establishes the Router as a signif-414

icant bottleneck: incorrect reasoning type selec-415

tion typically collapses performance, especially for416

regimes that require strict schema adherence.417

Correct routing is necessary, but not sufficient418

to achieve consistently correct inference. How-419

ever, planning is not sufficient for success, as some420

failures persist even when routing is correct (e.g.,421

gpt-5.1 achieves only 1.2% on correctly routed422

COMPOSITIONAL GROUNDING items), indicating 423

additional downstream inference limitations. 424

4.3.2 Solver 425

Backbone models can effectively execute solver 426

inference schemas that are aligned with the 427

intended reasoning operations, providing the 428

majority of CARENLI’s gains over reasoning- 429

agnostic baselines. We isolate solver effectiveness 430

using the Oracle Solver setting (Table 2). Aver- 431

aged across models and reasoning families, Oracle 432

Solver attains a macro accuracy of 60.5%, substan- 433

tially outperforming agnostic baselines (Agnostic 434

CoT: 22.5%; Agnostic Direct: 23.1%; Fig 2 and Ta- 435

ble 4). In comparison, CARENLI Solver achieves 436

56.1% macro accuracy. Therefore, the majority of 437

the performance gain from CARENLI is attributable 438

to the solver‘s structured inference schemas. 439

As shown in Section 4.3.1, solver accuracy is 440

highly sensitive to correct reasoning type routing, 441

with substantial degradation under misrouting (Ta- 442

ble 1). This sensitivity suggests that the solver 443

schemas encode meaningful structural constraints 444

that closely correspond to the intended reasoning 445

operations. This demonstrates that models are 446

capable of following explicitly defined inference 447

schemas, and that these schemas are well aligned 448

with correct reasoning behavior. 449

Generic inferential scaffolding underlying the 450

reasoning-type specific solver schemas improves 451

reasoning even under misrouting. Notably, how- 452

ever, misrouted solvers remain non-trivially effec- 453

tive. In the CARENLI setting, incorrectly routed 454

solvers achieve 34.9% average accuracy, exceed- 455

ing both agnostic baselines (Tables 1, and 4). This 456

suggests that generic procedural scaffolding, such 457

as explicit decision steps, comparator checks, and 458

grounding requirements, confers a measurable in- 459

ference benefit even when reasoning-type-specific 460

constraints are mismatched. Nevertheless, the sub- 461

stantial gap relative to correctly routed performance 462

confirms that such generic structure is insufficient 463

to substitute for the appropriate reasoning schema. 464

4.3.3 Verifier 465

Verification reliability tracks reasoning-type dif- 466

ficulty. Fig 4 and Table 6 quantify the effectiveness 467

of the verifier across models and reasoning families. 468

Averaged across all backbones and tasks, verifier 469

accuracy under CARENLI is 62.1%, indicating that 470

the verifier is moderately reliable and not merely 471

echoing solver decisions but performing a distinct 472
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Causal Attr. Comp. G. Epis. Verif. Risk Abstr.

Model Correct Wrong ∆ Correct Wrong ∆ Correct Wrong ∆ Correct Wrong ∆

deepseek-r1 50.3 (68.4%) 27.3 (31.6%) ↑+23.0 86.0 (42.3%) 0.0 (57.7%) ↑+86.0 73.9 (100.0%) – (0.0%) 99.2 (90.2%) 59.3 (9.8%) ↑+39.9

gpt-5.1 59.5 (62.7%) 22.0 (37.3%) ↑+37.5 1.2 (35.9%) 0.0 (64.1%) ↑+1.2 38.0 (100.0%) – (0.0%) 97.2 (90.9%) 40.0 (9.1%) ↑+57.2

gpt-4.1 59.5 (55.0%) 49.5 (45.0%) ↑+10.0 60.2 (98.8%) 0.0 (1.2%) ↑+60.2 82.9 (100.0%) – (0.0%) 100.0(87.8%) 66.7 (12.2%) ↑+33.3

gpt4o-mini 43.3 (48.0%) 42.3 (52.0%) ↑+1.0 45.5 (14.0%) 0.0 (86.0%) ↑+45.5 55.9 (99.6%) 100.0(0.4%) ↓-44.1 93.5 (83.6%) 46.7 (16.4%) ↑+46.8

Table 1: Accuracy by reasoning family, split by routing outcome (Wrong if predicted reasoning-type ̸= ground
truth). Cells report solver accuracy (%), with routing prevalence shown as (% of items). ∆ is Correct minus Wrong.

deepseek-r1 gpt-5.1 gpt-4.1 gpt4o-mini0
25
50
75

100

Ve
rif

ie
r A

cc
ur

ac
y 

(%
)

Causal Comp Epistemic Risk

Figure 4: Verifier accuracy across reasoning families
and models.

auditing function.473

Verifier accuracy is highest for RISK STATE474

ABSTRACTION (macro average 92.4%) and EPIS-475

TEMIC VERIFICATION (64.9%), while being lower476

for CAUSAL ATTRIBUTION (54.1%) and COMPO-477

SITIONAL GROUNDING (47.2%). This pattern mir-478

rors solver difficulty across reasoning families and479

indicates that verifier errors concentrate in regimes480

where solver trajectories themselves are less well-481

formed.482

4.3.4 Refiner483

Refinement offers marginal gains. Table 2 quan-484

tifies the impact of refinement on solver outputs.485

Averaged across all models and reasoning fami-486

lies, refinement yields a marginal absolute accuracy487

change of +0.7% under CARENLI, indicating that488

the refiner corrects a non-trivial subset of solver489

errors while leaving the majority of predictions490

unchanged.491

Refinement effectiveness is highly reasoning-492

type dependent. The largest gains are observed493

for CAUSAL ATTRIBUTION, with an average im-494

provement of +6.9%. In contrast, refinement has495

near-zero or negative effect for RISK STATE AB-496

STRACTION, where solver accuracy is already near497

ceiling, and for EPISTEMIC VERIFICATION, where498

over-correction occasionally reduces performance499

(e.g., gpt-5.1 drops from 53.6% to 38.0%).500

Overall, the refiner is not a primary performance501

driver and does not constitute a bottleneck in the502

CARENLI pipeline. Its impact is bounded by the503

quality of the verifier signal and the structural cor- 504

rectness of the solver trajectory, particularly under 505

misrouting or weak compositional reasoning. The 506

concentration of refinement gains in regimes with 507

moderate, rather than ceiling, verifier accuracy pro- 508

vides indirect validation that corrections are applied 509

to meaningful, correctly identified violations rather 510

than introduced arbitrarily. 511

4.4 Qualitative Analysis 512

Schema-constrained inference replaces plausi- 513

bility narratives with explicit, checkable deci- 514

sion criteria, improving both end-task perfor- 515

mance and intermediate reasoning trajectories. 516

Qualitative inspection of representative items 517

reveals a pronounced divergence between agnos- 518

tic CoT and structured (Oracle Router) inference, 519

not merely in final labels but in the reasoning tra- 520

jectories that produce them (see Section A.2 for 521

a detailed analysis). Under Oracle Router rout- 522

ing, solver traces are consistently organised around 523

the reasoning-type-specific decision criteria of the 524

CTNLI framework. In contrast, agnostic CoT 525

tends to generate plausibility narratives that con- 526

flate distinct inferential obligations, producing lo- 527

cally coherent justifications that nonetheless violate 528

the schema-level constraints required for correct- 529

ness. This contrast is visible across all four reason- 530

ing families, indicating that the principal effect of 531

CARENLI is to enforce trajectory alignment with 532

the intended inferential schema rather than to elicit 533

additional clinical facts. 534

Concretely, in CAUSAL ATTRIBUTION, struc- 535

tured inference decomposes statements into sepa- 536

rable subclaims and enforces comparator require- 537

ments, whereas agnostic CoT collapses tolerabil- 538

ity signals into efficacy claims via association- 539

based shortcuts. In COMPOSITIONAL GROUND- 540

ING, structured inference instantiates cross-factor 541

admissibility checks over interacting clinical vari- 542

ables, while agnostic CoT reduces the task to 543
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Causal Attr. Comp. G. Epis. Verif. Risk Abstr. Refinement Dyn.

Model Sol. Ref. ∆ Sol. Ref. ∆ Sol. Ref. ∆ Sol. Ref. ∆ Trig.% Flip.%

CARENLI

deepseek-r1 38.1 43.0 +4.9↑ 40.3 36.4 -3.9↓ 79.9 73.9 -6.0↓ 96.4 95.3 -1.1↓ 25.1 11.6
gpt-5.1 37.7 45.5 +7.8↑ 1.7 0.4 -1.3↓ 53.6 38.0 -15.6↓ 92.4 92.0 -0.4↓ 44.8 22.4
gpt-4.1 50.0 55.0 +5.0↑ 48.4 59.5 +11.1↑ 85.0 82.9 -2.1↓ 95.9 95.9 0.0 17.4 14.3
gpt4o-mini 32.8 42.8 +10.0↑ 4.3 6.4 +2.1↑ 59.7 56.0 -3.7↓ 81.5 85.8 +4.3↑ 41.3 26.6

Oracle Router

deepseek-r1 44.9 44.9 0.0 91.7 93.8 +2.1↑ 80.0 82.0 +2.0↑ 100.0 100.0 0.0 24.5 8.2
gpt-5.1 42.9 52.4 +9.5↑ 3.9 2.0 -1.9↓ 46.0 36.0 -10.0↓ 96.4 96.4 0.0 43.9 19.7
gpt-4.1 44.2 46.5 +2.3↑ 49.0 56.9 +7.9↑ 82.0 78.0 -4.0↓ 96.4 96.4 0.0 10.6 9.4
gpt4o-mini 32.6 46.5 +13.9↑ 5.9 15.7 +9.8↑ 62.0 56.0 -6.0↓ 91.1 91.1 0.0 35.3 23.5

Table 2: Solver vs Refiner accuracy with deltas. Trig.% denotes instances where the verifier rejected the solver
output. Flip.% denotes instances where the refined prediction differed from the solver prediction.

single-factor matching and bypasses binding con-544

straints. In EPISTEMIC VERIFICATION, structured545

traces apply explicit evidence hierarchies, prioritis-546

ing objective findings over unsupported assertions,547

whereas agnostic CoT defaults to authority def-548

erence. Finally, in RISK STATE ABSTRACTION,549

structured inference explicitly represents latent risk550

states and integrates likelihood with severity to jus-551

tify action under uncertainty, while agnostic CoT552

maps uncertainty to neutrality and fails to account553

for catastrophic downside.554

5 Related Work555

A prevailing assumption in NLP is that enlarging556

model capacity and exposure will improve not only557

task performance but also the fidelity of underly-558

ing reasoning. Scaling law analyses (Kaplan et al.,559

2020; Hoffmann et al., 2022) and flagship model560

reports (Brown et al., 2020; Touvron et al., 2023;561

Bubeck et al., 2023) reinforce this view, yet critics562

observe that benchmark success often reflects sur-563

face regularities rather than robust inference (Mar-564

cus, 2022; Mahowald et al., 2024). Our work in-565

stantiates this critique in the clinical domain: we566

show that models encode relevant medical facts but567

fail to deploy them in principled reasoning flows.568

Evidence across NLI research supports this di-569

agnosis. General-domain studies reveal annotation570

artifacts and shortcut reliance (Gururangan et al.,571

2018; Poliak et al., 2018; Webson and Pavlick,572

2022; Turpin et al., 2023). Clinical NLI bench-573

marks extend these concerns: MedNLI (Romanov574

and Shivade, 2018), NLI4CT (Jullien et al., 2023a),575

and CTNLI (Jullien et al., 2025) report system-576

atic reasoning errors, motivating frameworks that577

explicitly separate knowledge retrieval from infer-578

ential schema adherence.579

Parallel to this diagnostic agenda, recent work580

has investigated agentic and modular architectures 581

as a pathway to more reliable reasoning. Gener- 582

ative Agents (Park et al., 2023) and multi-agent 583

frameworks such as CAMEL (Li et al., 2023), Au- 584

toGen (Wu et al., 2024), and MetaGPT (Hong 585

et al., 2024) show that distributing tasks across 586

specialised roles facilitates self-correction and au- 587

ditability. CARENLI extends this line by introduc- 588

ing compartmentalisation grounded in formally de- 589

fined reasoning families, combining the auditabil- 590

ity of agentic design with the domain fidelity de- 591

manded by clinical inference. 592

6 Conclusion 593

We introduced CARENLI, a compartmentalised 594

agentic framework for CTNLI that makes the in- 595

tended inference regime explicit through reasoning- 596

type routing, solver-specific procedures, and 597

verifier-guided refinement. By operationalising 598

four reasoning families, CARENLI functions both 599

as a diagnostic lens for isolating reasoning failures 600

and as a practical prompting scaffold for more au- 601

ditable clinical inference. 602

Aggregated across models and task families, 603

CARENLI achieves 56.8% macro accuracy, com- 604

pared to 22.5% for agnostic CoT prompting and 605

23.1% for agnostic direct prompting. Gains are 606

consistent across all evaluated backbones, but vary 607

markedly across reasoning families, indicating that 608

some forms of clinical inference benefit more from 609

explicit structure than others. 610

These results support the central claim that ex- 611

plicitly encoding the target reasoning regime is crit- 612

ical for reliable CTNLI, while also highlighting per- 613

sistent limitations, particularly for compositional 614

forms of inference. Future work should expand 615

the set of supported reasoning families and assess 616

CARENLI in less constrained CTNLI benchmarks. 617
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7 Limitations618

• Benchmark scope and ecological validity. Al-619

though CTNLI offers controlled coverage of clin-620

ically meaningful inference patterns, instances621

are generated from typed templates and there-622

fore do not fully reflect the linguistic variability,623

discourse structure, and documentation artefacts624

found in real trial protocols, clinical notes, or625

EHR-derived text. As a result, absolute perfor-626

mance numbers may not transfer directly to un-627

constrained clinical text.628

• Scale and coverage of clinical variation. The629

extended benchmark contains 200 items with bal-630

anced reasoning type coverage, which supports631

targeted analysis but limits statistical power for632

fine-grained subgroup conclusions. In addition,633

many clinically important axes are only partially634

represented, including multi-morbidity, longitu-635

dinal trajectories, interacting laboratory trends,636

and institution-specific protocol language.637

• Limited outcome space and task framing. We638

study three-way NLI labels with reasoning-type-639

specific decision procedures. This framing does640

not capture downstream requirements such as641

calibrated uncertainty, abstention under ambigu-642

ity, selective prediction, or structured justifica-643

tions that can be audited against explicit evidence644

sources.645

• Prompt and implementation sensitivity. The646

framework operationalises “compartmentalisa-647

tion” through prompts, role constraints, and veri-648

fication instructions. Performance can vary with649

prompt wording, formatting, temperature, and650

model-specific instruction-following behaviour.651

This sensitivity limits strict reproducibility across652

model versions and makes it difficult to attribute653

gains to a single design choice.654

• Model and infrastructure coverage. Experi-655

ments are limited to four contemporary LLMs656

and to text-only inference. Results may differ657

for other model families, smaller open models,658

tool-augmented systems, or multimodal settings.659

In addition, closed-model updates can change660

behaviour over time, which complicates longitu-661

dinal comparability.662

• Safety and deployment boundaries. While the663

work targets safety-critical reasoning, it does664

not constitute a clinical decision support sys- 665

tem and is not evaluated in prospective clinical 666

workflows. Human oversight, governance, and 667

domain-specific validation would be required be- 668

fore any real-world use, particularly where errors 669

could affect patient care or trial conduct. 670
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A Appendix 886

A.1 Solver specifications 887

Epistemic Verification Solver. The Epistemic 888

Verification solver operationalises verification 889

when premises contain multiple, potentially con- 890

flicting assertions. Following Jullien et al. (2025), 891

premises are treated as conjunctions of defeasible 892

epistemic commitments Ka(φi), each attributed to 893

a source agent a (Fagin et al., 2004; Van Benthem, 894

2011). Three principles govern inference. First, all 895

assertions are treated as reported claims rather than 896

ground truth, with admissibility evaluated against 897

the clinical model MCT = ⟨WCT, ICT⟩. Sec- 898

ond, inconsistencies are resolved using a plausi- 899

bility function π(φi) instantiated as an evidential 900

hierarchy: objective measurements dominate diag- 901

nostic criteria, which dominate observations, inter- 902

pretations, and self-report. Conflicts are resolved 903

by discarding lower-ranked commitments, yield- 904

ing a maximal consistent set E∗ ⊆ E such that 905

∀w ∈ WCT, E
∗ is jointly satisfiable under MCT. 906

Third, coherence constraints exclude ontologically 907

impossible or temporally incoherent assertions. A 908

candidate statement s is entailed if E∗ |= s, con- 909

tradicted if E∗ |= ¬s, and neutral if neither holds. 910

Neutrality is therefore a principled outcome when 911

conflicts remain unresolved or evidence underde- 912

termined 913

Causal Attribution Solver. The Causal Attribu- 914

tion solver operationalises attribution when the hy- 915

pothesis asserts a treatment → outcome relation. 916

Under the interventionist framework (Pearl, 2009), 917

causal effect is defined as 918

CE(T, Y ) ≜ E[Y | do(T = 1)]−E[Y | do(T = 0)], 919

where T denotes a treatment, Y an outcome, and 920

do(T = t) an intervention severing incoming 921

dependencies. Unlike observational associations 922

E[Y | T = t], causal effect requires interventional 923

contrast. The solver enforces this distinction by 924
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(i) parsing premises for outcome measurements925

or adverse events, treated as observational unless926

comparators or manipulations are explicit; (ii) ver-927

ifying causal criteria of temporality, contrast, and928

confounding control; and (iii) evaluating the hy-929

pothesis s: entailment requires interventional ev-930

idence, contradiction follows from unsupported931

causal claims, and neutrality applies otherwise.932

This constrains models to uphold the semantics933

of interventionist causality and corrects the failure934

mode observed in Jullien et al. (2025), where mod-935

els collapsed causal attribution into association, pre-936

dicting entailment from surface correlations rather937

than from interventional criteria.938

Compositional Grounding Solver. The Compo-939

sitional Grounding operationalises inference when940

the truth of a statement depends on the joint config-941

uration of multiple clinical factors rather than any942

single predicate. Formally, compositional ground-943

ing requires that a tuple944

x := ⟨d, z, dx, s⟩ ∈ D4
CT945

of drug d, dose z, diagnosis dx, and schedule s946

must be admissible under the interpretation func-947

tion ICT. A statement ψ asserting clinical benefit948

is entailed only if ICT(Benefit)(x) → True in all949

admissible worlds w ∈WCT; contradictions arise950

when x violates therapeutic, diagnostic, or schedul-951

ing constraints. First, atomic factors (drug, dose,952

schedule, patient details) are extracted. Second,953

the tuple x is assembled and tested for compatibil-954

ity under ICT, which encodes therapeutic ranges,955

scheduling rules, and indication–diagnosis map-956

pings. Third, the hypothesis s is assessed: entail-957

ment requires that x be admissible and support958

the asserted outcome; contradiction arises when959

x violates constraints; neutrality is assigned when960

the configuration is underdetermined. This design961

intends to prevents the error mode identified in962

Jullien et al. (2025), where LLMs collapsed com-963

positional interactions into isolated surface predi-964

cates, thereby overlooking protocol violations or965

emergent incompatibilities.966

Risk Abstraction Solver. The Risk Abstraction967

solver operationalises inference when hypothe-968

ses involve explicit or latent risk. Risk is de-969

fined as an expectation over admissible worlds970

w ∈ WCT, combining probability and severity of971

adverse events (Hunink et al., 2014): 972

Ew∼Pr(w|φ)

 ∑
e∈E(w,ψ)

Pr(e | w) · A(e, w)

 , 973

where E(w,ψ) is the set of clinically relevant 974

events for ψ, Pr(e | w) their conditional proba- 975

bility, and A(e, w) an adverse outcome function 976

quantifying harm. Entailment requires that the 977

statement correctly reflect this expected risk profile, 978

either by ranking events appropriately (when ex- 979

plicit frequencies are given) or by acknowledging 980

unruled-out harms in latent risk settings. 981

The solver prompt translates this into a deci- 982

sion procedure with three steps. First, it identifies 983

adverse events or conditions in the premise and 984

classifies them according to severity and proba- 985

bility. Second, it integrates these two dimensions 986

into an expected-harm ranking: severe but rare out- 987

comes may outweigh frequent but benign ones, in 988

line with clinical reasoning. Third, it evaluates 989

the hypothesis s: entailment follows if s reflects 990

the correct harm-weighted risk ordering, contradic- 991

tion if it inverts or ignores it, and neutrality if the 992

evidence base is insufficient. 993

By enforcing this expected-risk computation, 994

the solver ensures that judgments reflect decision- 995

theoretic reasoning rather than surface counts or 996

lexical salience. This is intended to correct the 997

failure mode highlighted in Jullien et al. (2025), 998

where models frequently misclassified risk when 999

severity and frequency were in tension, defaulting 1000

to naive frequency matching rather than principled 1001

risk abstraction (Hunink et al., 2014; Eisenhauer 1002

et al., 2009; CTC, 2017). 1003

A.2 Qualitative Analysis of Representative 1004

Items 1005

A qualitative analysis of four representative cases, 1006

one from each reasoning type, is presented us- 1007

ing outputs from DEEPSEEK R1. For each case, 1008

the reasoning trace generated under the oracle 1009

Router condition (agentic framework, with the 1010

solver routed to the correct reasoning type) is con- 1011

trasted with the baseline produced under agnostic 1012

CoT prompting. This comparison highlights how 1013

explicit compartmentalisation enables alignment 1014

with the expected reasoning patterns specified in 1015

the knowledge framework, while also revealing the 1016

characteristic deviations of free-form CoT. 1017

Causal Attribution (Problem 6). 1018
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Premise: “Adverse Events Summary:1019

Total: 4/12 (33.33%). Headache 2/121020

(16.67%), Pruritus 1/12 (8.33%), Mild1021

anemia 1/12 (8.33%). All events were1022

Grade 1 or 2.”1023

Statement: “The drug was effective and1024

well tolerated, with only mild side effects1025

reported.”1026

Agentic (verbatim). ‘‘The statement1027

makes two claims: (1) effectiveness1028

(T → improved outcome) and (2) tol-1029

erability (T → only mild side effects).1030

The premise only reports adverse event1031

grades (all Grade 1/2) and rates (33.33%1032

total), which directly confirms tolerabil-1033

ity. However, the premise contains no1034

efficacy data (e.g., disease improvement1035

metrics, control group, baseline measure-1036

ments). Since causal claims require com-1037

parator outcomes, the effectiveness por-1038

tion remains unsubstantiated. While tol-1039

erability is entailed, the overall label is1040

neutral.”1041

CoT (abridged). “The statement is sup-1042

ported since only mild AEs were reported1043

. . . this indicates the drug was effective1044

and well tolerated.”1045

The agentic solver follows the expected com-1046

parator requirement, decomposing causal claims1047

into subcomponents and assigning neutral when1048

one is unsupported. The CoT baseline collapses1049

tolerability and efficacy into a single plausibility1050

heuristic, producing over-attribution. This demon-1051

strates how structural prompts prevent the confla-1052

tion of post-treatment outcomes with causal effect.1053

Under correct scaffolding, LLMs reliably enforce1054

comparator rules; without it, they default to associ-1055

ation heuristics.1056

Compositional Grounding (Problem 12).1057

Premise: “Fludarabine 120 mg/m2 daily1058

×14 days for CLL in an elderly patient.”1059

Statement: “The treatment is expected1060

to induce remission, improve blood1061

counts, and prolong survival.”1062

Agentic (verbatim). “1) Extract fac-1063

tors: fludarabine 120 mg/m2 daily ×14.1064

2) Standard dose is 25 mg/m2/day ×5.1065

The given regimen is ≈5× higher and1066

extended. 3) Such dosing causes severe1067

toxicity in elderly patients. 4) This vio- 1068

lates therapeutic admissibility; the state- 1069

ment’s claim of benefit is contradicted.” 1070

CoT (abridged). “Fludarabine is used 1071

in CLL, so this treatment is likely to be 1072

effective . . . the statement is entailed.” 1073

The agentic solver operationalises the cross-factor 1074

constraint, checking consistency across drug, dose, 1075

schedule, and patient. This reproduces the knowl- 1076

edge framework’s tuple-based admissibility rule. 1077

The CoT reasoning reflects the failure mode of Jul- 1078

lien et al. (2025): collapsing multi-factor structures 1079

into a single drug–indication match. Here, agentic 1080

scaffolding ensures toxicity is identified, whereas 1081

CoT ignores unsafe interactions. The repercussion 1082

is clinical: a toxic regimen is falsely labelled as ben- 1083

eficial under free CoT, while the structured agent 1084

enforces compositional validity. 1085

Epistemic Verification (Problem 16). 1086

Premise: “A 45-year-old man complains 1087

of chest discomfort after meals and oc- 1088

casional regurgitation. Endoscopy is 1089

normal. Despite the absence of cardiac 1090

symptoms, the physician diagnoses my- 1091

ocardial infarction and starts anticoagu- 1092

lation therapy.” 1093

Statement: “The patient has myocardial 1094

infarction.” 1095

Agentic (verbatim). “1) Endoscopy 1096

normal (objective evidence). 2) Symp- 1097

toms consistent with GERD, not MI. 3) 1098

MI requires ECG/troponins, absent here. 1099

4) Physician’s diagnosis conflicts with 1100

higher-tier evidence. 5) Conclusion: con- 1101

tradiction.” 1102

CoT (abridged). “The physician diag- 1103

nosed MI, so this supports the statement 1104

. . . although there is no cardiac evidence, 1105

the statement is entailed.” 1106

The agentic solver follows the evidence hierar- 1107

chy, prioritising instrumented evidence over un- 1108

supported assertion. The CoT baseline defers to 1109

physician authority, ignoring hierarchy. This mis- 1110

alignment mirrors the epistemic collapse observed 1111

previously: models recognise evidence but mis- 1112

apply credibility weights. By enforcing explicit 1113

tiering, the agentic pipeline compels the correct 1114

contradiction label. This illustrates that LLMs are 1115
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capable of stratified verification if prompted to dis-1116

card lower-tier claims in conflict with higher-tier1117

evidence.1118

Risk State Abstraction (Problem 39).1119

Premise: “A 55-year-old man with acute1120

severe low back pain reports saddle anes-1121

thesia, urinary retention, and bilateral1122

leg weakness. Reflexes reduced. No1123

imaging performed.”1124

Statement: “Emergency MRI is re-1125

quired to exclude cauda equina syn-1126

drome.”1127

Agentic (verbatim). “Symptoms consti-1128

tute red flags for CES. Likelihood: high,1129

since multiple features align. Severity:1130

catastrophic, with risk of paralysis if1131

missed. No imaging means CES remains1132

unexcluded. Therefore urgent MRI is1133

mandated; statement entailed.”1134

CoT (abridged). “The patient has back1135

pain and weakness . . . MRI could help1136

but it is not certain; label neutral.”1137

The agentic solver instantiates the severity–1138

likelihood calculus: combining probability with1139

consequence to project latent catastrophic risk. The1140

CoT baseline fails to abstract beyond symptom1141

description, treating CES as one of many possi-1142

ble adverse events. This reproduces the frequency1143

heuristic failure identified in prior work. The con-1144

sequence is profound: under CoT, a time-critical1145

emergency is missed. The agentic framework1146

ensures catastrophic risk is correctly prioritised,1147

demonstrating that LLMs can perform principled1148

risk abstraction when explicitly instructed.1149

Across reasoning families, the agentic frame-1150

work compels alignment with formal inferential1151

schemas: comparators for causality, cross-factor1152

constraints for composition, evidence hierarchies1153

for epistemic verification, and severity–likelihood1154

calculus for risk. The CoT baseline fails in1155

reasoning-type-specific, systematic ways: collaps-1156

ing causal claims, flattening compositional struc-1157

ture, deferring to authority, and ignoring catas-1158

trophic risk. These are not random lapses but1159

consistent heuristics. The crucial finding is that1160

LLMs can reproduce the expected reasoning pat-1161

terns under correct prompting: the agentic pipeline1162

demonstrates that comparator tests, constraint en-1163

forcement, tiered evidence, and risk abstraction are1164

all within model capacity, provided the reasoning 1165

path is structured. Without such scaffolding, CoT 1166

defaults to surface plausibility, with direct reper- 1167

cussions for clinical safety and validity. 1168

A.3 Dataset Construction and Validation 1169

To assess annotation reliability, an inter-annotator 1170

agreement (IAA) study was conducted on a random 1171

sample of 50 instances drawn uniformly across rea- 1172

soning families. Each instance was independently 1173

annotated by three domain experts (volunteers): 1174

• one expert in natural language inference, 1175

• one medical doctor, 1176

• one physician associate. 1177

Annotators were provided with the premise, 1178

statement, and task definition, and were asked to 1179

assign both an entailment label (entailed, contra- 1180

dicted, or neutral) and a reasoning type. 1181

Agreement was measured using Fleiss’ κ. The 1182

resulting agreement scores indicate high reliability: 1183

• Entailment label agreement: κ = 0.92 1184

• reasoning type agreement: κ = 0.97 1185

Table 3 shows an example annotation item used 1186

in the IAA study. 1187

Premise:
67-year-old male with rheumatoid arthritis re-
ceiving methotrexate 100mg orally daily.

Statement:
The therapy is expected to decrease joint inflam-
mation and enhance quality of life.

Label:

reasoning type:

Table 3: Example CTNLI instance used in the inter-
annotator agreement study.
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A.4 Tables1188

Model Causal Attr. Comp. G. Epis. Verif. Risk Abstr.

CARENLI

deepseek-r1 43.0 36.4 73.9 95.3
gpt-5.1 45.5 0.4 38.0 92.0
gpt-4.1 55.0 59.5 82.9 95.9
gpt4o-mini 42.8 6.4 56.0 85.8

Oracle Router

deepseek-r1 44.9 93.8 82.0 100.0
gpt-5.1 52.4 2.0 36.0 96.4
gpt-4.1 46.5 56.9 78.0 96.4
gpt4o-mini 46.5 15.7 56.0 91.1

Agnostic CoT

deepseek-r1 36.7 17.6 35.3 9.8
gpt-5.1 31.2 0.4 23.6 24.7
gpt-4.1 30.8 4.3 26.0 81.5
gpt4o-mini 29.5 0.0 7.6 0.9

Agnostic Direct

deepseek-r1 27.5 15.9 35.8 10.9
gpt-5.1 31.2 0.0 18.0 49.1
gpt-4.1 26.0 3.5 26.4 90.2
gpt4o-mini 15.8 0.0 8.8 11.1

Table 4: Accuracy across reasoning tasks.

Model Causal Attr. Comp. G. Epis. Verif. Risk Abstr.

deepseek-r1 67.6 42.0 100.0 90.2
gpt-5.1 63.2 32.9 100.0 90.9
gpt-4.1 56.0 98.4 100.0 87.8
gpt4o-mini 48.0 12.9 99.6 83.6

Table 5: Reasoning Classification Accuracy across tasks

Model Causal Attr. Comp. G. Epis. Verif. Risk Abstr.

CARENLI

deepseek-r1 49.6 26.5 73.1 92.7
gpt-5.1 59.0 42.7 45.6 93.8
gpt-4.1 53.4 72.2 79.3 95.9
gpt4o-mini 54.4 47.2 61.7 86.2

Oracle Router

deepseek-r1 44.9 60.4 80.0 93.3
gpt-5.1 52.4 72.5 48.0 94.5
gpt-4.1 48.8 66.7 82.0 96.4
gpt4o-mini 72.1 35.3 58.0 91.1

Table 6: Verifier accuracy (%) across reasoning tasks

A.5 Prompts 1189
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SYSTEM:
You are the Causal Solver for Clinical Trial NLI (CTNLI). You receive a premise and a statement only after the planner has routed the
example to Causal. Decide whether the statement is entailed, contradicted, or neutral by assessing whether the premise supports, refutes, or
leaves uncertain a causal relationship between an intervention/exposure (T) and an outcome (Y). This includes positive effects (improve,

reduce), negative effects (cause, worsen), or no effect.

Core principles

- Identify causal claims: Look for verbs or constructions indicating causality (cause, lead to, improve, reduce, prevent, accelerate,
associated with if clearly directional).

- Evaluate the premise for relevant comparator, control or baselines. Causal claims cannot be made without a reference point, such as a
control group or baseline measurement.

- Ensure that the concepts you are evaluating are direct evidence to support/disprove the causal claim and not only tangentially
related.

- Distinguish correlation from causation: Correlative evidence (association, co-occurrence) only supports causality if temporality and
plausible mechanism are established in the premise.

- Evaluate evidence direction and magnitude:

- Support for the stated effect direction -> entailed.

- Evidence in the opposite direction -> contradicted.

- Insufficient or conflicting evidence -> neutral.

- Temporal consistency: Cause must precede effect; post-hoc evidence without clear temporality is weak.

Decision procedure

- Identify T (treatment/exposure) and Y (outcome) from both premise and statement.

- Extract causal evidence: trial results, measured changes, event rates, comparative stats.

- Locate control/baseline and test/intervention groups or variables in the premise, ensuring they are explicitly defined and relevant to
T and Y.

- Check directionality: Does the evidence show T -> increase/decrease in Y, no change, or opposite change?

- Assess strength & relevance: Is the evidence directly about T and Y in the same population/context?

Label:

- If the evidence comparing the test/intervention group/variables and the control/baseline group/variables matches the causal direction
in the statement -> entailed

- If the evidence comparing the test/intervention group/variables and the control/baseline group/variables shows the opposite direction
-> contradicted

- If the control/baseline comparison or test group/variables are ambiguous, absent, or contain conflicting information -> neutral

Output contract (strict JSON)

Return only a single JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

USER:
You are the Causal Solver for CTNLI. Follow your system instructions exactly.
premise={PREMISE}
statement={STATEMENT}
Return exactly one JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

Figure 5: Causal Solver Prompt
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SYSTEM:
You are the Causal Refiner for Clinical Trial NLI (CTNLI). You receive a premise, a statement, a solver_output (JSON), and a
verification_output (JSON). Your job: Implement the verifier’s fixes to correct the solver’s reasoning and produce a final causal judgment.

How to use verification_output

If fact_verification = "incorrect":

- Identify every incorrect/unsupported domain fact listed in fact_reasoning.

- Remove these from the original reasoning.

- Replace them only with the corrected facts as stated in fact_reasoning, provided they are supported by the premise or by generally
accepted clinical regularities allowed in CTNLI.

- If a corrected fact is not supported, omit it and explain the insufficiency.

If fact_verification = "correct":

- Assume no unsupported facts; do not add new factual content beyond the premise and allowed regularities.

If pattern_verification = "incorrect":

- Apply the minimal fixes specified in pattern_reasoning to align with proper causal inference:

- Identify T (intervention/exposure) and Y (outcome).

- Use an explicit comparator/baseline/control for causal claims; without one, you cannot conclude causality.

- Enforce temporality (T precedes Y).

- Use evidence directly linking T -> Y in the same population/context.

- State effect direction (increase/decrease/no effect) or declare insufficiency -> neutral.

- Do not treat association or numeric difference as causal without comparator/temporality.

If pattern_verification = "correct":

- Keep the causal structure; you may tighten clarity but must not alter the validated pattern.

Decision procedure

- Identify T (treatment/exposure) and Y (outcome) from both premise and statement.

- Extract causal evidence: trial results, measured changes, event rates, comparative stats.

- Locate control/baseline and test/intervention groups or variables in the premise, ensuring they are explicitly defined and relevant to
T and Y.

- Check directionality: Does the evidence show T -> increase/decrease in Y, no change, or opposite change?

- Assess strength & relevance: Is the evidence directly about T and Y in the same population/context?

Label:

- If the evidence comparing the test/intervention group/variables and the control/baseline group/variables matches the causal direction
in the statement -> entailed

- If the evidence comparing the test/intervention group/variables and the control/baseline group/variables shows the opposite direction
-> contradicted

- If the control/baseline comparison or test group/variables are ambiguous, absent, or contain conflicting information -> neutral

Output contract (strict JSON)

Return only a single JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

USER:
You are the Causal Refiner. Follow your system instructions exactly.
premise={PREMISE}
statement={STATEMENT}
solver_output (JSON) = {SOLVER_JSON}
verification_output (JSON) = {VERIFIER_JSON}

Return exactly one JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

Figure 6: Causal Refiner Prompt
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SYSTEM:

You are an expert in Fact Verification and Causal Pattern Verification for Clinical Trial NLI (CTNLI).

Your task is to:
1. perform fact verification.
Verify only the factual correctness of domain knowledge used in the solver’s reasoning, i.e., information such as
treatment regiments, standard-of-care patterns, and disease subtype not supported by the premise or not generally
accepted clinical regularities allowed in CTNLI, these may be explicit statements or implicit assumptions.
If any such unsupported fact appears, mark it as incorrect, and report incorrect facts in the explanation,
and provide the corrected facts. Else mark as correct. You must only verify the solver output, not the statement or premise.

2. perform causal pattern verification.
Decide whether the Causal Solver’s reasoning pattern aligns with causal inference. If the reasoning does not align,
mark it as incorrect and provide minimal fixes to the reasoning. If it aligns, mark it as correct. You must only verify
the solver output, not the statement or premise.

Core expectations (explicitly or implicitly present):

Clearly identify T (intervention/exposure) and Y (outcome).

Distinguish correlation vs causation; look for temporality and ensure the reasoning includes a comparator, baseline or control and test
variable or group.
Without a comparator, and test variables causal claims cannot be made.

Use evidence directly linking T->Y in the same context.

Assess and state effect direction or insufficiency.

Use neutral when causal requirements are unmet.

Flag as incorrect if reasoning (explicitly or implicitly) shows any of:

Treats numeric effect as causality without temporal/comparator basis.

Omits T or Y; uses unrelated outcomes.

Return only a single JSON object:
{
"fact_verification": "correct"|"incorrect",
"fact_reasoning": "step by step explanation of the incorrect facts, provide corrected facts; if none, write 'No unsupported facts.'",
"pattern_verification": "correct"|"incorrect",
"pattern_reasoning": "step by step explanation of the reasoning mistakes, minimal fixes to the solver reasoning; if none, write 'No

reasoning mistakes.'",
}

USER:
You are the Causal Pattern Verifier. Follow your system instructions exactly.
premise={PREMISE}
statement= {STATEMENT}
solver_output (JSON) = {SOLVER_JSON}

Figure 7: Causal Verifier Prompt
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SYSTEM:
You are the Composition Solver for Clinical Trial NLI (CTNLI). You receive a premise and a statement only after the planner has routed the
example to Compositional. Decide whether the statement is entailed, contradicted, or neutral given the premise by evaluating joint
constraints and their interdependencies across multiple clinical factors. This includes drug–dose–unit–schedule–diagnosis–patient factors
(age, sex, renal/hepatic function, comorbidities) and co-therapy rules. This means not just verifying each factor in isolation, but
reasoning about how factors influence each other and how their combined effects shape the overall meaning.

Core principles

- Consider the network of constraints: how characteristics, conditions, and contextual details affect each other’s validity,
applicability, or limits, and how these interactions determine whether the overall scenario is possible.

- All required conditions together must be satisfied for entailment.

- A violation in any condition, or an interaction that invalidates the combination, leads to contradiction.

- Numeric thresholds and allowable ranges must be respected after applying relevant adjustments.

- Flag impossible or self-contradictory combinations (e.g., contraindications, impossible values, e.g BMI 19 and weight 200kg.

Decision procedure

- Extract factors from the statement and premise (intervention, schedule, condition, subject factors, concurrent therapies, exclusions).

- Identify dependencies: determine which factors constrain or modify others.

Label:

- Exact match and no dependency violations for all conditions and dependencies -> entailed

- Explicit mismatch or dependency violation for any condition or interaction -> contradicted.

- Absent/unspecified -> neutral.

Output contract (strict JSON)

Return only a single JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

USER:
You are the Composition Solver for CTNLI. Follow your system instructions exactly.
premise={PREMISE}
statement={STATEMENT}
Return exactly one JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

Figure 8: Composition Solver Prompt
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SYSTEM:
You are the Composition Refiner for Clinical Trial NLI (CTNLI). You receive a premise, a statement, a solver_output (JSON), and a
verification_output (JSON). Your job: Implement the verifier’s fixes to correct the solver’s reasoning and produce a final composition
judgment.

How to use verification_output

If fact_verification = "incorrect":

- Identify every incorrect/unsupported domain fact listed in fact_reasoning.

- Remove these from the original reasoning.

- Replace them only with the corrected facts as stated in fact_reasoning, provided they are supported by the premise or by generally
accepted clinical regularities allowed in CTNLI.

- If a corrected fact is not supported, omit it and explain the insufficiency.

If fact_verification = "correct":

- Assume no unsupported facts; do not add new factual content beyond the premise and allowed regularities.

If pattern_verification = "incorrect":
- Apply the minimal fixes from pattern_reasoning to conform to the Composition Solver’s principles:

- Network of constraints: enumerate factors and check how they constrain/modify one another.

- All-conditions test: all required conditions must be satisfied simultaneously for entailment.

- Violation test: any explicit mismatch or interaction/contraindication -> contradiction.

- Numeric thresholds & ranges: normalize units, respect thresholds as stated in the premise; apply adjustments only if specified/allowed
(e.g., renal/hepatic adjustments mentioned in the premise).

- Impossibilities: flag impossible/self-contradictory combinations (e.g., inconsistent units/values).

- No invention: do not introduce unstated guideline rules, thresholds, or patient attributes.

If pattern_verification = "correct":

- Keep the causal structure; you may tighten clarity but must not alter the validated pattern.

Decision procedure

- Extract factors from the statement and premise (intervention, schedule, condition, subject factors, concurrent therapies, exclusions).

- Identify dependencies: determine which factors constrain or modify others.

Label:

- Exact match and no dependency violations for all conditions and dependencies -> entailed

- Explicit mismatch or dependency violation for any condition or interaction -> contradicted.

- Absent/unspecified -> neutral.

Output contract (strict JSON)

Return only a single JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

USER:
You are the Composition Refiner. Follow your system instructions exactly.
premise={PREMISE}
statement={STATEMENT}
solver_output (JSON) = {SOLVER_JSON}
verification_output (JSON) = {VERIFIER_JSON}

Return exactly one JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

Figure 9: Composition Refiner Prompt
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SYSTEM:

You are an expert in Fact Verification and Composition Pattern Verification for Clinical Trial NLI (CTNLI).

Your task is to:
1. perform fact verification.
Verify only the factual correctness of domain knowledge used in the solver’s reasoning, i.e., information such as
treatment regiments, standard-of-care patterns, and disease subtype not supported by the premise or not generally
accepted clinical regularities allowed in CTNLI, these may be explicit statements or implicit assumptions.
If any such unsupported fact appears, mark it as incorrect, and report incorrect facts in the explanation,
and provide the corrected facts. Else mark as correct. You must only verify the solver output, not the statement or premise.

2. perform composition pattern verification.
Decide whether the Composition Solver’s reasoning pattern aligns with compositional/joint-constraint reasoning. If the reasoning does not
align,
mark it as incorrect and provide minimal fixes to the reasoning. If it aligns, mark it as correct. You must only verify
the solver output, not the statement or premise.

Core expectations (explicitly or implicitly present):

Extract all required factors from the statement.

Evaluate joint satisfaction—the combination must be assessed, not factors in isolation.

Check inter-factor dependencies and numeric bounds after adjustments.

Use neutral when any required factor/dependency is unknown; contradiction for explicit mismatch or invalidating interaction; entailment when
all satisfied.

Maintain internal consistency; avoid external facts.

Flag as incorrect if reasoning (explicitly or implicitly) shows any of:

Ignores clear dependencies.

Declares entailment despite missing required factors; or contradiction without identifying the violation.

Return only a single JSON object:
{
"fact_verification": "correct"|"incorrect",
"fact_reasoning": "step by step explanation of the incorrect facts, provide corrected facts; if none, write 'No unsupported facts.'",
"pattern_verification": "correct"|"incorrect",
"pattern_reasoning": "step by step explanation of the reasoning mistakes, minimal fixes to the solver reasoning; if none, write 'No

reasoning mistakes.'",
}

USER:
You are the Composition Pattern Verifier. Follow your system instructions exactly.
premise={PREMISE}
statement= {STATEMENT}
solver_output (JSON) = {SOLVER_JSON}

Figure 10: Composition Verifier Prompt
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SYSTEM:
You are the Epistemic Solver for Clinical Trial NLI (CTNLI). You receive a premise and a statement only after the planner has routed the
example to Espistemic, i.e. there are one or more claims within a premise that contradict one another, and you must determine which is more
reliable. Decide whether the statement is entailed, contradicted, or neutral given the premise by resolving what is true from mixed or
conflicting evidence. Treat every assertion in the premise as a reported claim by some source, not ground truth. Prefer objective
measurements (labs, imaging, vitals with units/time) over opinions, and reject internally inconsistent or ontologically impossible claims.

Core principles

1. Evidence hierarchy (highest -> lowest)

-Instrumented/recorded data (imaging readouts, lab values with units/ranges, microbiology results, vitals, dosing logs)

-Formal diagnostic criteria matched by findings

-Direct clinician observations

-Clinician opinions/interpretations

-Patient self-report / hearsay

-Internal consistency & ontology checks

-Flag mutually inconsistent assertions and physiological/impossible values (units, ranges, timelines, demographics).

2. Conflict resolution

-When two assertions cannot both be true, keep the one higher in the evidence hierarchy. If ties remain unresolved, abstain with
neutral.

-No deference fallacy

-Do not accept a diagnosis because a clinician said so when stronger objective evidence disagrees.

-No new facts / no world knowledge fishing

-Use only the premise and generally accepted clinical regularities

— do not invent missing tests or results.

-Temporal coherence

-Ensure timestamps and disease trajectories are plausible (e.g., “progression” cannot precede baseline imaging).

-Abstain correctly

-If evidence is insufficient or evenly balanced after applying the hierarchy, return neutral.

Decision procedure

-Parse the premise into atomic claims with (if available) their sources.

-Validate ontology/units/ranges/timing; mark impossible items.

-Detect conflicts (pairs/sets that cannot be simultaneously true in any plausible clinical world).

-Resolve conflicts via the evidence hierarchy; drop lowest-credibility items until consistency is restored.

-Evaluate the statement against the remaining consistent set: label entailed, contradicted, or neutral.

-Cite minimal evidence by quoting exact spans from the premise; keep justification terse.

Output contract (strict JSON)

Return only a single JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

USER:
You are the Epistemic Solver for CTNLI. Follow your system instructions exactly.
premise={PREMISE}
statement={STATEMENT}
Return exactly one JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

Figure 11: Epistemic Solver Prompt
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SYSTEM:
You are the Epistemic Refiner for Clinical Trial NLI (CTNLI). You receive a premise, a statement, a solver_output (JSON), and a
verification_output (JSON). Your job: Implement the verifier’s fixes to correct the solver’s reasoning and produce a final epistemic
judgment.

How to use verification_output

If fact_verification = "incorrect":

- Identify every incorrect/unsupported domain fact listed in fact_reasoning.

- Remove these from the original reasoning.

- Replace them only with the corrected facts as stated in fact_reasoning, provided they are supported by the premise or by generally
accepted clinical regularities allowed in CTNLI.

- If a corrected fact is not supported, omit it and explain the insufficiency.

If fact_verification = "correct":

- Assume no unsupported facts; do not add new factual content beyond the premise and allowed regularities.

If pattern_verification = "incorrect":

- Apply the minimal fixes described in pattern_reasoning to bring the reasoning in line with the Epistemic Solver’s Core principles:

-Apply the evidence hierarchy: Instrumented/recorded data -> diagnostic criteria -> direct clinician observations -> clinician opinions ->
patient self-report -> internal consistency checks.

- Detect and resolve conflicts by removing the lowest-credibility evidence until consistency is restored.

- Ensure temporal coherence — disease progression cannot precede baseline, timestamps and disease trajectories must be plausible.

- If evidence is insufficient or evenly balanced after applying the hierarchy, set neutral.

If pattern_verification = "correct":

- Keep the causal structure; you may tighten clarity but must not alter the validated pattern.

Decision procedure

-Parse the premise into atomic claims with (if available) their sources.

-Validate ontology/units/ranges/timing; mark impossible items.

-Detect conflicts (pairs/sets that cannot be simultaneously true in any plausible clinical world).

-Resolve conflicts via the evidence hierarchy; drop lowest-credibility items until consistency is restored.

-Evaluate the statement against the remaining consistent set: label entailed, contradicted, or neutral.

-Cite minimal evidence by quoting exact spans from the premise; keep justification terse.

Output contract (strict JSON)

Return only a single JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

USER:
You are the Epistemic Refiner. Follow your system instructions exactly.
premise={PREMISE}
statement={STATEMENT}
solver_output (JSON) = {SOLVER_JSON}
verification_output (JSON) = {VERIFIER_JSON}

Return exactly one JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

Figure 12: Epistemic Refiner Prompt
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SYSTEM:
You are an expert in Fact Verification and Epistemic Pattern Verification for Clinical Trial NLI (CTNLI).

Your task is to:
1. perform fact verification.
Verify only the factual correctness of domain knowledge used in the solver’s reasoning, i.e., information such as
treatment regiments, standard-of-care patterns, and disease subtype not supported by the premise or not generally
accepted clinical regularities allowed in CTNLI, these may be explicit statements or implicit assumptions.
If any such unsupported fact appears, mark it as incorrect, and report incorrect facts in the explanation,
and provide the corrected facts. Else mark as correct. You must only verify the solver output, not the statement or premise.

2. perform epistemic pattern verification.
Decide whether the Epistemic Solver’s reasoning pattern aligns with epistemic verification. If the reasoning does not align,
mark it as incorrect and provide minimal fixes to the reasoning. If it aligns, mark it as correct. You must only verify
the solver output, not the statement or premise.

Core expectations (explicitly or implicitly present):

Treat premise propositions as reported claims with potentially different sources; none are automatically ground truth.

Prefer objective, directly recorded evidence (labs, imaging, quantitative findings) over opinions/interpretations.

Identify conflicts and resolve them using an evidence hierarchy (objective > criteria-based > observation > opinion > hearsay).

Enforce temporal/ontology plausibility; reject impossible or mutually inconsistent values.

Use neutral only when, after applying the hierarchy, evidence remains tied/insufficient.

Flag as incorrect if reasoning exhibits any of:

Deference fallacy (accepts clinician opinion over stronger objective evidence).

Fails to note/resolve internal contradictions in the premise.

Labels without source-weighted justification.

Return only a single JSON object:
{
"fact_verification": "correct"|"incorrect",
"fact_reasoning": "step by step explanation of the incorrect facts, provide corrected facts; if none, write 'No unsupported facts.'",
"pattern_verification": "correct"|"incorrect",
"pattern_reasoning": "step by step explanation of the reasoning mistakes, minimal fixes to the solver reasoning; if none, write 'No

reasoning mistakes.'",
}

USER:
You are the Epistemic Pattern Verifier. Follow your system instructions exactly.
premise={PREMISE}
statement= {STATEMENT}
solver_output (JSON) = {SOLVER_JSON}
Return exactly one JSON object: {"label":"correct"|"incorrect"}

Figure 13: Epistemic Verifier Prompt
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SYSTEM:
You are the Risk Solver for Clinical Trial NLI (CTNLI). You receive a premise and a statement only after the planner has routed the example
to Risk. Risk is defined as (Exposure to) the possibility of loss, injury, or other adverse or unwelcome circumstance; a chance or situation
involving such a possibility i.e. Perform expected-harm reasoning: integrate likelihood (explicit counts/rates or qualitative cues) with

severity (potential for serious harm), and pay attention to hazards not definitively ruled out. Do not equate “unlikely” with “ruled out.”
Decide whether the statement is entailed, contradicted, or neutral by evaluating patient risk.

Core principles

- Expected harm > raw frequency

- Compare events by (likelihood x severity). Rare but catastrophic events can dominate common but trivial ones.

- Life-threatening outcomes (e.g., MI, stroke, sepsis), organ failure, ICU-level complications, irreversible harms outrank
minor/transient symptoms (e.g., nausea, injection-site pain).

- Not-ruled-out hazards - If a severe condition remains plausible given the premise (tests absent/indeterminate), you must treat it as a
risk contributor. “Less likely” != “excluded” particularly for high risk conditions. You must take into account the associated risk of harm

if the severe condition remains untreated. Missing imaging/tests keep severe hazards not ruled out.

- Temporal and management implications - If the statement proposes a management decision (e.g., discharge, defer workup), endorse it
only if severe hazards are ruled out or adequately mitigated.

- Use only provided information.

Decision procedure

- Extract candidates : 1. Extract candidates E = {e_1, . . . , e_k}: adverse events (A) or plausible latent diagnoses/complications (B).
adverse events (A) or plausible latent diagnoses/complications (B), look for these in both the premise and statement.

- Estimate likelihood qualitatively from explicit counts/rates or textual cues (common/rare; present/absent; suggested/not excluded).

- Assign severity ordering using clinical regularities implied by the premise (life-threatening > serious > moderate > minor).

- Compute comparative risk conceptually (likelihood x severity). Do not invent numbers; produce an ordinal comparison.

- Evaluate the statement using the comparitive risk you have computed: label entailed, contradicted, or neutral.

- If evidence is insufficient/ambiguous -> neutral.

Output contract (strict JSON)

Return only a single JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

USER:
You are the Risk Solver for CTNLI. Follow your system instructions exactly.
premise={PREMISE}
statement={STATEMENT}
Return exactly one JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

Figure 14: Risk Solver Prompt
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SYSTEM:
Refiner for Clinical Trial NLI (CTNLI). You receive a premise, a statement, a solver_output (JSON), and a
verification_output (JSON). Your job: Implement the verifier’s fixes to correct the solver’s reasoning and produce a final
risk judgment.

How to use verification_output

If fact_verification = "incorrect":

- Identify every incorrect/unsupported domain fact listed in fact_reasoning.

- Remove these from the original reasoning.

- Replace them only with the corrected facts as stated in fact_reasoning, provided they are supported by the premise or by generally
accepted clinical regularities allowed in CTNLI.

- If a corrected fact is not supported, omit it and explain the insufficiency.

If fact_verification = "correct":

- Assume no unsupported facts; do not add new factual content beyond the premise and allowed regularities.

If pattern_verification = "incorrect":

- Apply the minimal fixes from pattern_reasoning to conform to Risk core principles:

- Expected-harm reasoning: Compare outcomes by likelihood x severity; do not equate “unlikely” with “ruled out.”

- Not-ruled-out hazards: If severe conditions are plausible (tests absent/indeterminate), count them as risk contributors; consider harm
if untreated.

- Severity ordering: Life-threatening > serious > moderate > minor; catastrophic but rare can dominate trivial but common.

- Temporal/management implications: Endorse management claims (e.g., discharge, defer workup) only if severe hazards are ruled out or
adequately mitigated.

- Use only provided info: No invented numbers, tests, or results; produce ordinal risk comparisons (not invented probabilities).

If pattern_verification = "correct":

- Keep the causal structure; you may tighten clarity but must not alter the validated pattern.

Decision procedure

- Extract candidates : 1. Extract candidates E = {e_1, . . . , e_k}: adverse events (A) or plausible latent diagnoses/complications (B).
adverse events (A) or plausible latent diagnoses/complications (B), look for these in both the premise and statement.

- Estimate likelihood qualitatively from explicit counts/rates or textual cues (common/rare; present/absent; suggested/not excluded).

- Assign severity ordering using clinical regularities implied by the premise (life-threatening > serious > moderate > minor).

- Compute comparative risk conceptually (likelihood x severity). Do not invent numbers; produce an ordinal comparison.

- Evaluate the statement using the comparitive risk you have computed: label entailed, contradicted, or neutral.

- If evidence is insufficient/ambiguous -> neutral.

Output contract (strict JSON)

Return only a single JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

USER:
You are the Risk Refiner. Follow your system instructions exactly.
premise={PREMISE}
statement={STATEMENT}
solver_output (JSON) = {SOLVER_JSON}
verification_output (JSON) = {VERIFIER_JSON}

Return exactly one JSON object:
{
"reasoning": "step by step explanation of the reasoning adhering to core principles and decision procedure",
"label": "entailment|contradiction|neutral",

}

Figure 15: Risk Refiner Prompt
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SYSTEM:
You are an expert in Fact Verification and Risk Pattern Verification for Clinical Trial NLI (CTNLI).

Your task is to:
1. perform fact verification.
Verify only the factual correctness of domain knowledge used in the solver’s reasoning, i.e., information such as
treatment regiments, standard-of-care patterns, and disease subtype not supported by the premise or not generally
accepted clinical regularities allowed in CTNLI, these may be explicit statements or implicit assumptions.
If any such unsupported fact appears, mark it as incorrect, and report incorrect facts in the explanation,
and provide the corrected facts. Else mark as correct. You must only verify the solver output, not the statement or premise.

2. perform risk pattern verification.
Decide whether the Risk Solver’s reasoning pattern aligns with risk state abstraction. If the reasoning does not align,
mark it as incorrect and provide minimal fixes to the reasoning. If it aligns, mark it as correct. You must only verify
the solver output, not the statement or premise.

Core expectations (explicitly or implicitly present):

Compares candidates by expected harm (likelihood x severity), not frequency alone.

Acknowledges severe hazards not ruled out; treats “unlikely” != “excluded,” especially for high-harm conditions.

For management claims, supports low-acuity decisions only when severe hazards are excluded or mitigated.

Uses neutral when ranking is indeterminate or data inconsistent.

Flag as incorrect if reasoning (explicitly or implicitly) shows any of:

Frequency-only ranking; ignores severity.

Rules out a severe hazard without evidence.

Introduces invented probabilities/tests.

Fails to justify management decisions with respect to unruled severe risks.

Return only a single JSON object:
{
"fact_verification": "correct"|"incorrect",
"fact_reasoning": "step by step explanation of the incorrect facts, provide corrected facts; if none, write 'No unsupported facts.'",
"pattern_verification": "correct"|"incorrect",
"pattern_reasoning": "step by step explanation of the reasoning mistakes, minimal fixes to the solver reasoning; if none, write 'No

reasoning mistakes.'",
}

USER:
You are the Risk Pattern Verifier. Follow your system instructions exactly.
premise={PREMISE}
statement= {STATEMENT}
solver_output (JSON) = {SOLVER_JSON}

Figure 16: Risk Verifier Prompt
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SYSTEM:
You are the Exclusive Router & Normalizer for Clinical Trial NLI.
Your job: read the premise and statement, and return the single most prominent reasoning type
F in {Causal, Comp, Epist, Risk}, and output a single JSON object with no extra text.
Reasoning types:

- Epist (Epistemic): Determining what is true from mixed or conflicting evidence within the premise. Includes resolution of contradictions between
sources, preferring objective measurements (labs, imaging) over opinions, and establishing diagnostic status from an evidence hierarchy.
- Risk: Risk ranking or comparison (highest risk, safer, dangerous), weighing severity against frequency, expected-harm reasoning, and hazards not
ruled out by the premise.

- Comp (Compositional) – Joint constraints over drug–dose–units–schedule–diagnosis–patient factors (age, sex, renal/hepatic function, comorbidities)
and co-therapy. Includes dosing bounds, indications, exclusions, and concurrency rules. Contains causal claims, however if the reasoning involves both
a causal link and joint constraints, Comp always takes precedence over Causal.

- Causal: Statements making causal claims “effect of T on Y” (e.g., cause, lead to, improve, reduce, accelerate;). May include or omit an interventional
contrast or comparator to verify.

Decision policy:
Identify the dominant signature in the statement and what the premise provides.
Tie-breakers (in order):

- If the statement involves conflicting assertions or facts within the premise, or requires deciding what is true from mixed evidence sources -> Epist.
- If it involves risk ranking or comparison (highest risk, safer, dangerous), severity vs frequency trade-offs, expected-harm reasoning, or
not-ruled-out hazards -> Risk.
- If the reasoning requires both a causal interpretation (T -> Y) and joint constraints involving any combination of drug, dose, units, schedule,
diagnosis, patient factors (e.g., age, sex, renal/hepatic function, comorbidities), or co-therapy (including dosing bounds, indications, exclusions,
concurrency rules), -> Comp. This applies even when a causal claim is present — Comp overrides Causal.

- Classify as Causal only when the claim is solely an intervention -> outcome relation without joint constraints. If multiple clinical factors are in
the premise and altering any single one would change the claim’s validity -> Comp.

Output contract:
- Return a JSON object with the following form: {"route":{"reasoning type:"Causal|Comp|Epist|Risk","reason":["short cue 1","short cue 2"]}}.
- 2–4 terse cues max. No explanations, no newlines outside JSON, no markdown.

Constraints:
- Do not judge truth or entailment; only route.
- Do not expand beyond the four families.
- When an intervention–outcome claim is present, first check whether its validity depends on the exact configuration of more than one clinical factor
(e.g., dose, schedule, co-therapy, patient attribute). If altering any of those factors would alter the claim’s applicability, the reasoning involves
joint constraints and should be routed under Comp rather than Causal.
- Keep cues short: tokens like "causal verb", "single-arm/no comparator", "dose+renal joint rule", "objective lab vs opinion", "risk superlative".

USER:
Read and route this pair.
premise={PREMISE}
statement={STATEMENT}
Return exactly one JSON object:
{"route":{"reasoning type":"Causal|Comp|Epist|Risk","reason":["<short cue>","<short cue>"]}}

Figure 17: Router Prompt

SYSTEM:
You are given a premise and a statement. Your task is to determine the relationship between the statement and the premise.

USER:
statement: {statement}
premise: {premise}
Return exactly one JSON object:
{
"pred": "entailment|contradiction|neutral",

}
Answer:

Figure 18: Direct Prompt

SYSTEM:
You are given a premise and a statement. Your task is to determine the relationship between the statement and the premise. Explain your
reasoning step by step.

USER:
statement: {statement}
premise: {premise}
Return exactly one JSON object:
{
"reasoning": "step by step explanation",
"pred": "entailment|contradiction|neutral",

}
Answer:

Figure 19: CoT Prompt
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