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Abstract001

Large language models (LLMs) have shown002
strong promise as clinical reasoning agents, yet003
most benchmarks assume complete evidence004
availability before reasoning begins. How-005
ever, real clinical practice unfolds through dy-006
namic clinical workflows with progressive dis-007
closure of patient evidence, requiring clini-008
cians to decide what evidence to acquire next009
from partial and evolving patient states. This010
mismatch poses a key barrier to reliable and011
wide deployment of LLM-based clinical agents.012
To address this gap, we introduce ProActIS,013
a lightweight state-conditioned examination014
proposer for proactive evidence acquisition.015
Given an evolving patient state, ProActIS ranks016
standardized laboratory, microbiology, and017
radiology examinations, together with STOP,018
through structured patient-state decomposition019
and action-card encoding. We construct a020
leakage-controlled benchmark from MIMIC-021
IV, comprising 81,960 hospital admissions and022
860,099 turn-level patient-state/examination023
pairs over a 129-examination action bank. On024
full-bank next-examination ranking, ProActIS025
achieves 0.602 Recall@1, 0.886 Recall@5, and026
0.725 MRR, substantially outperforming fre-027
quency and LLM baselines. In LLM-assisted028
dynamic workflows, ProActIS improves evi-029
dence coverage and trajectory alignment, high-030
lighting proactive evidence acquisition as a dis-031
tinct bottleneck and a critical step toward reli-032
able clinical language agents in real world.033

1 Introduction034

Clinical reasoning rarely begins with a complete035

view of the patient (Kassirer, 1983). A clinician036

first observes an initial presentation, forms tentative037

hypotheses, and then gathers additional evidence038

through laboratory tests, microbiology studies, and039

imaging (Elstein and Schwarz, 2002). This iterative040

process is central to diagnosis: each new finding041

can confirm or rule out possible explanations (Na-042

tional Academies of Sciences, Engineering, and043

Figure 1: Static full-information diagnosis versus dy-
namic clinical evidence acquisition. Dynamic settings
require the agent to request evidence before final diag-
nosis and expose a substantial drop in performance.

Medicine, 2015). While LLMs have shown strong 044

performance on medical question answering and 045

patient-record reasoning, these evaluations usually 046

measure reasoning over evidence that has already 047

been collected, rather than the ability to decide 048

which evidence should be collected next. 049

When LLMs are placed in this dynamic setting, 050

the difficulty shifts from only interpreting avail- 051

able evidence to actively acquiring useful evidence. 052

Specifically, the same diagnostic LLM performs 053

much better when complete patient information 054

is provided than when it must request examina- 055

tions sequentially. This gap suggests that dynamic 056
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failures are not only failures of final diagnostic057

reasoning, but also failures of proactive evidence058

acquisition. An agent may request clinically plau-059

sible examinations while still missing tests that are060

timely, non-redundant, and aligned with the current061

patient state.062

Prior work leaves this middle step underexplored.063

Medical QA and patient-record benchmarks empha-064

size reasoning from provided evidence(Schmidgall065

et al., 2025; Fleming et al., 2023)„ while inter-066

active diagnosis methods often optimize dialogue067

behavior, disease prediction, or end-to-end task068

success(Fan et al., 2025). We instead focus on069

state-conditioned examination proposal before final070

diagnosis. We formulate this problem as turn-level071

ranking over a standardized examination action072

bank: the model observes the initial patient context073

at each turn, previous examination requests, and074

returned findings, then ranks candidate examina-075

tions together with the decision to stop evidence076

acquisition. This formulation isolates examination077

selection from downstream diagnosis generation078

while preserving the sequential and state-dependent079

nature of clinical evidence acquisition.080

We introduce ProActIS, a lightweight state-081

conditioned examination proposer for LLM clini-082

cal agents. ProActIS encodes the evolving patient083

state and standardized action cards, then scores084

candidate examinations with a structured state-085

action ranking model. It handles STOP within the086

same action interface and uses trajectory-aware087

training and evaluation to accommodate ambigu-088

ity in valid examination order. Across offline089

next-examination alignment and assisted dynamic090

workflows, ProActIS improves evidence acquisi-091

tion over frequent-exam and LLM baselines. As a092

standalone ranker, it better identifies state-aligned093

next examinations from the full action bank; as094

plug-in support for LLM agents, it improves the095

coverage and alignment of dynamically requested096

examinations. These results show that proactive097

information seeking is a distinct capability for clin-098

ical language agents.099

Our contributions are threefold:100

1. We identify proactive clinical information101

seeking as a distinct bottleneck for LLM-102

based diagnostic agents, separating evidence103

acquisition from final diagnostic reasoning.104

2. We build a leakage-controlled benchmark105

with 82K examination trajectories and 860K106

patient-state/action pairs over laboratory, mi- 107

crobiology, and radiology actions. 108

3. We propose ProActIS, a lightweight state- 109

conditioned examination proposer, and per- 110

form extensive experiments to show it as both 111

a full-bank ranker and plug-in support for im- 112

proving LLM-based dynamic diagnostic work- 113

flows. 114

2 Related Work 115

Medical QA and fixed-context clinical reasoning. 116

A growing body of research on medical LLMs 117

and clinical agents has relied on question answer- 118

ing and examination-style benchmarks, including 119

MedQA(Jin et al., 2021), PubMedQA(Jin et al., 120

2019), MultiMedQA(Bani-Harouni et al., 2025), 121

etc., to evaluate clinical and biomedical reason- 122

ing. These benchmarks assess medical knowledge, 123

biomedical evidence interpretation, and reasoning 124

over provided records, passages, or patient-specific 125

contexts. However, they generally adopt a fixed- 126

context formulation in which the evidence needed 127

to answer the question is assumed to be available 128

at inference time. Consequently, they evaluate a 129

model’s ability to reason over given information 130

rather than its ability to determine which additional 131

evidence should be acquired. ProActIS addresses 132

this complementary setting by studying proactive 133

examination selection under partial and evolving 134

patient information. 135

Contrastive learning for clinical representation 136

and recommendation. Contrastive learning has 137

been effective for longitudinal and heterogeneous 138

patient modeling. EBCL(Jeong et al., 2024) shows 139

that event-centered contrastive objectives can learn 140

patient embeddings sensitive to temporal clinical 141

progression, while ConMEHR(Yin et al., 2025) 142

aligns structured and unstructured EHR signals in 143

a shared latent space. ARCI(Hadizadeh Moghad- 144

dam et al., 2024) and DGCL(Li et al., 2023) apply 145

contrastive learning to sequential prescription or 146

medication recommendation, where models learn 147

not only patient states but also their compatibil- 148

ity with candidate clinical actions. However, their 149

action spaces mainly concern medications rather 150

than diagnostic evidence acquisition. ProActIS ad- 151

dresses this gap by aligning evolving patient states 152

with standardized examination concepts, making 153

patient-state-to-exam matching the core learning 154

problem. 155
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Sequential diagnosis and clinical decision mak-156

ing. Recent work has also studied diagnosis157

as an interactive or sequential decision process.158

AMIE(Tu et al., 2025) evaluates diagnostic dia-159

logue, while LA-CDM(Bani-Harouni et al., 2025)160

and DiagAgent (Qiu et al., 2025) model multi-step161

clinical decision making through examination re-162

quests, result observation, and diagnosis in con-163

strained or simulated environments. These ap-164

proaches highlight the importance of evidence ac-165

quisition, but often optimize full dialogue behavior,166

simulated environment policies, or end-to-end di-167

agnostic success. As a result, the compatibility168

between a specific evolving patient state and each169

concrete examination action is usually implicit in170

the agent policy or constrained by a limited action171

space. ProActIS focuses on this explicit turn-level172

matching problem, enabling direct evaluation of173

examination selection and lightweight integration174

with LLM-based clinical agents.175

3 Dataset Construction176

We construct the dataset from MIMIC-IV(Johnson177

et al., 2020) discharge summaries and structured178

laboratory, microbiology, and radiology records.179

Each case corresponds to one hospital admission.180

To approximate information available near admis-181

sion, the model-visible Patient Medical Record is182

limited to chief complaint, age at admit, race, past183

medical history, history of present illness, and phys-184

ical exam. Diagnosis fields are used only for cohort185

filtering and reference analysis.186

We reduce diagnosis leakage by removing187

discharge-oriented and result-revealing sections,188

including discharge diagnoses, hospital course, dis-189

charge medications, and reported laboratory or190

imaging results. Cases are further excluded when191

the final diagnosis is explicitly mentioned in vis-192

ible patient fields, using string matching, clinical193

synonym matching, and LLM-assisted review.194

Reference trajectories are derived from times-195

tamped laboratory, microbiology, and radiology196

records within a 24-hour window around the197

case index time. Raw item-level records were198

normalized into order-level examination actions199

using LLMs guided by the LOINC terminol-200

ogy(Regenstrief Institute, Inc., 2025); the resulting201

action set was manually reviewed and frozen across202

data splits.203

The final action bank contains 129 standardized204

examination actions: 31 laboratory, 64 microbiol-205

Table 1: Dataset statistics after leakage filtering, action
normalization, and turn-level conversion.

Statistic Count

Patients 60,039
Cases / notes 81,960
Patient-state/action pairs 860,099
Lab action pairs 528,535
Microbiology action pairs 132,716
Radiology action pairs 116,888
STOP action pairs 81,960
Total actions, incl. STOP 130

ogy, and 34 radiology actions. We add a terminal 206

STOP action, yielding 130 actions. Each trajec- 207

tory is converted into turn-level examples where 208

the state contains the initial patient context and 209

prior examination-result history, and the target is 210

the next reference action. The final dataset contains 211

81,960cases from 60,039 patients and 860,099 turn- 212

level pairs, split at the patient level into train, val- 213

idation, and test sets with a 0.90/0.05/0.05 ratio. 214

These trajectories are used as observed-practice ref- 215

erences rather than gold-standard clinical policies. 216

4 Methodology 217

ProActIS is a lightweight state-conditioned exam 218

proposer that ranks standardized examination ac- 219

tions or STOP from patient state. It implements 220

by a contrastive dual-encoder model(Radford et al., 221

2021) with structured patient-state channels and 222

action-card representations, trained to prefer the 223

reference next action over competing legal candi- 224

dates. 225

4.1 Problem Definition 226

For each patient, we define the turn-level state as 227

St = (S0, pt), 228

where S0 is the initial static patient context, in- 229

cluding chief complaint, demographics, medical 230

history, current presentation, and physical exami- 231

nation, and pt is the ordered prefix of previously 232

requested examinations and returned results. 233

The model selects from the standardized action 234

bank A constructed in Section 3, which contains 235

laboratory, microbiology, radiology, and STOP ac- 236

tions. At turn t, ProActIS ranks the legal candidate 237

set Ct ⊆ A, where completed non-STOP exami- 238

nations are removed and STOP remains available 239

until termination. 240

Each instance is supervised by the immediate 241

next reference action e∗t+1 ∈ Ct. ProActIS is there- 242
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Figure 2: ProActIS architecture: structured state encoding and action-card encoding for unified exam/STOP ranking.

fore trained as a state-action ranker for proactive243

information seeking: it outputs a ranked list of stan-244

dardized actions and STOP, but does not interpret245

examination results or produce the final diagnosis.246

4.2 Model Architecture247

ProActIS uses a contrastive dual-encoder architec-248

ture only with 0.3B parameters. The patient en-249

coder maps the turn-level state St = (S0, pt) into250

structured state representations, while the action251

encoder maps each candidate examination e ∈ Ct252

into action representations.253

The patient state is represented by four learned254

diagnostic channels:255

ut = {upriort , utrajt , urest , uvoit }.256

The prior channel encodes baseline examina-257

tion plausibility from the static patient context258

S0. The trajectory channel encodes the ordered259

examination-result prefix pt. The residual chan-260

nel is obtained through static-dynamic interaction,261

allowing latent problem representations from S0262

to be updated by observed examination evidence.263

The VOI-inspired channel captures remaining in-264

formation need after accounting for the evidence-265

conditioned state. These channels serve as architec-266

tural inductive biases rather than fully disentangled267

clinical variables.268

Each standardized examination is represented by269

a frozen action card constructed in Section 3. The270

card contains structured natural-language fields de-271

scribing the examination identity, modality, body272

system, clinical purpose, and typical information 273

type, without patient-specific information. The ac- 274

tion encoder first produces a shared action represen- 275

tation and then maps it into the same four channel 276

spaces: 277

qprior(e), qtraj(e), qres(e), qvoi(e). 278

This design allows each candidate action to be eval- 279

uated along the same four decision factors as the 280

patient state: initial plausibility, trajectory consis- 281

tency, residual uncertainty, and remaining informa- 282

tion value. 283

4.3 State-Action Score Function 284

The scoring function maps the structured patient 285

and action representations to a contrastive ranking 286

score. Because examination selection is a state- 287

dependent utility ranking problem rather than sim- 288

ple semantic matching, ProActIS uses unnormal- 289

ized channel-wise inner products instead of L2- 290

normalized cosine similarity. 291

For each channel k ∈ {prior, traj, res, voi}, 292

ProActIS computes 293

zk(t, e) = (ukt )
⊤qk(e), 294

where each logit measures the compatibility be- 295

tween candidate examination e and one diagnostic 296

factor of the current state. The final score is a cali- 297

brated mixture of the four channel logits: 298

s(t, e) =
1

τ

∑
k

αk(B(t), κ(e))zk(t, e) + β(e). 299
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Here, τ > 0 is a learned temperature, β(e) is a300

learned action bias, κ(e) denotes the action kind,301

and B(t) is a prefix-derived workflow bucket. The302

channel weights are normalized as303

αk(B(t), κ(e)) =
expΓB(t),κ(e),k∑
k′ expΓB(t),κ(e),k′

,304

where Γ is a learned calibration table indexed by305

workflow bucket, action kind, and channel.306

This calibration allows different diagnostic fac-307

tors to dominate under different workflow stages308

and action types. For example, STOP may use a309

different channel mixture from examination actions310

because it represents information sufficiency rather311

than additional evidence acquisition. The same312

score s(t, e) is used for training and inference, and313

all legal examinations and STOP are compared in314

one unified score space.315

4.4 STOP-Aware Termination Modeling316

STOP differs from laboratory, microbiology, and317

radiology actions because it terminates evidence318

acquisition rather than requesting additional infor-319

mation. Premature STOP may end the interaction320

before useful evidence is collected, whereas under-321

ranking STOP may lead to unnecessary examina-322

tions. ProActIS therefore models STOP both as a323

ranked candidate in the unified action space and324

as an auxiliary supervision signal for information325

sufficiency.326

STOP is included in the standardized action bank327

A, remains legal in Ct before termination, and re-328

ceives a compatibility score from the same scoring329

function:330

s(t, STOP).331

Thus, termination competes directly with further332

examination acquisition; the model does not first333

make a binary stop/continue decision and then334

choose an examination.335

During training, we add an auxiliary STOP ob-336

jective with label337

ySTOP
t = 1[e∗t+1 = STOP],338

which encourages the shared patient representa-339

tion to encode evidence sufficiency. This objec-340

tive shapes the residual and VOI-inspired channels341

but does not replace the state-action ranker. At342

inference time, ProActIS does not apply a sepa-343

rate STOP threshold or use the auxiliary STOP344

probability to override the ranked list. STOP is345

selected only through the unified ranking score, so 346

the deployed model remains a single ranker over 347

examinations and STOP. 348

4.5 Future-Aware Negative Construction 349

Reference examination trajectories provide ordered 350

supervision, but the immediate next examination 351

is not always the only trajectory- consistent action 352

under a partially observed state. If all non-target 353

actions are treated as equally negative, training may 354

suppress examinations that appear later in the same 355

reference trajectory. ProActIS therefore keeps ex- 356

act next-action supervision strict while reducing 357

negative pressure on later trajectory-consistent ac- 358

tions. 359

For each turn t, the exact positive is the imme- 360

diate next reference action e∗t+1. We define the 361

future-valid set as legal actions that appear later in 362

the same trajectory: 363

Ft = {ej : j > t+ 1} ∩ Ct. 364

Future-valid actions are not treated as additional 365

positives; the model is still trained to rank e∗t+1 366

highest. However, they are protected from strong 367

negative pressure because they remain consistent 368

with the reference trajectory. 369

For hard-negative learning, ProActIS mines neg- 370

atives only from invalid legal candidates: 371

It = Ct \
(
{e∗t+1} ∪ Ft

)
. 372

This future-aware construction focuses hard- 373

negative learning on actions that are legal but nei- 374

ther the immediate next action nor a later reference 375

action. Future-aware labels are used only during 376

training and offline evaluation; they are not avail- 377

able at inference time. 378

4.6 Training Objective and Inference 379

The primary training signal is exact next-action 380

ranking over the legal candidate set. For each turn t, 381

the immediate next reference action e∗t+1 is the only 382

positive target, and the model is trained with full- 383

bank cross entropy over Ct. This preserves strict 384

supervision from the recorded trajectory, including 385

direct competition between examination actions 386

and STOP. 387

To reduce excessive negative pressure on 388

later trajectory-consistent examinations, ProActIS 389

blends the exact cross-entropy loss with a future- 390

relaxed cross entropy: 391

Lranker = (1− λF)LCE + λFLFCE. 392
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Figure 3: Architecture overview of ProActIS. The state tower encodes static patient information and prior
examination-result history into structured diagnostic channels, while the action tower encodes standardized exami-
nation cards for unified ranking over examinations and STOP.

Here, LFCE discounts non-STOP future-valid ex-393

aminations in the denominator while keeping e∗t+1394

as the only positive target. STOP is not discounted,395

preventing later terminal actions from becoming396

easier to rank before the reference stopping point.397

The full objective combines this ranker loss with398

the future-filtered hard-negative loss and the auxil-399

iary STOP sufficiency loss:400

L = Lranker + λHNLHN + λSTOPLSTOP.401

When class balancing is enabled, per-target weights402

multiply the corresponding per-instance ranker loss403

to reduce domination by frequent examination cat-404

egories.405

At inference time, ProActIS receives only S0,406

the observed prefix pt, and the legal candidate set407

Ct. It does not observe future trajectory labels,408

exact targets, or final diagnoses. The model com-409

putes s(t, e) for every legal candidate and returns a410

ranked list. And STOP is selected only if it receives411

the highest unified ranking score.412

5 Experiments and Results413

5.1 Experimental Setup and Metric414

We evaluate ProActIS in two settings. The primary415

setting is offline turn-level examination proposal,416

where each instance contains the current patient417

context, previous examination-result history, and418

the legal candidate set. The model ranks all candi-419

dates, including STOP, against the immediate next420

reference action. This setting directly measures421

state-conditioned proactive examination selection.422

We also evaluate ProActIS as plug-in support for an423

LLM-based diagnostic workflow, where the LLM424

receives either no proposer support or ProActIS 425

Top-1/Top-K suggestions before requesting the 426

next examination. This tests whether the proposer 427

can improve dynamic evidence acquisition without 428

producing the final diagnosis itself. 429

The main evaluation target is examination se- 430

lection quality. For offline ranking, we report 431

Recall@K, MRR, and exact-or-future@1 over 432

turn-level states, with STOP included as a candi- 433

date and as the target at terminal turns. Recall@K 434

and MRR measure strict agreement with the imme- 435

diate next reference action, but diagnostic trajecto- 436

ries are not always uniquely ordered: an examina- 437

tion predicted one step early may still be clinically 438

meaningful if it appears later in the same reference 439

trajectory. We therefore use exact-or-future@1 to 440

separate clearly unsupported top predictions from 441

temporally misordered but trajectory-consistent ex- 442

aminations. For dynamic workflows, we report 443

hit rate, case-level recall, Jaccard overlap, ordered 444

trajectory similarity, and matched reference exami- 445

nations. Diagnosis accuracy is reported only as con- 446

textual evidence for downstream diagnostic quality. 447

5.2 Evidence Acquisition in Dynamic 448

Workflows 449

We evaluate DeepSeek V4 Pro(DeepSeek-AI, 450

2026) under a full-information control setting and 451

several dynamic acquisition settings. The full- 452

information setting provides the complete patient 453

record before diagnosis, whereas dynamic settings 454

start from initial patient information and require 455

sequential examination requests. Simulated and 456

Hint-Guided Acquisition test whether interaction 457

feedback alone can support effective evidence seek- 458
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Figure 4: Case-level evidence recovery across dynamic
workflow settings. ProActIS improves recall and or-
dered trajectory similarity while substantially reducing
zero-recall and low-recall cases.

ing. ProActIS-assisted settings provide Top-1 or459

Top-3 state-conditioned proposals, while the LLM460

retains final control over both examination requests461

and diagnosis.462

Table 2 shows that unguided dynamic acquisi-463

tion is the main bottleneck. Although DeepSeek464

V4 Pro achieves 55.7% accuracy with complete in-465

formation, performance drops to 15.3% under Sim-466

ulated Acquisition and 17.6% under Hint-Guided467

Acquisition, with both settings requesting substan-468

tially fewer examinations than the reference tra-469

jectories. Hint guidance improves Jaccard overlap470

from 12.67% to 21.15%, but lacks positive guid-471

ance on the next examination.472

ProActIS markedly improves evidence acquisi-473

tion. Top-1 support raises micro hit rate to 64.55%,474

Jaccard overlap to 38.40%, and average rounds to475

5.93, closer to the 7.97-round reference. Top-3476

achieves the strongest local matching performance,477

with 71.68% micro and 71.61% macro hit rates. In478

both settings, diagnosis accuracy approaches the479

all-information control, indicating that better ex-480

amination proposals recover much of the evidence481

needed for diagnosis.482

Figure 4 further shows that ProActIS reduces483

case-level failures. Unguided settings leave many484

cases with zero or low recall, whereas ProActIS485

Top-1 achieves the best case-level recall, ordered486

trajectory similarity, and matched examinations,487

and Top-3 maintains low failure rates with stronger488

local hit rates. Overall, ProActIS makes dynamic489

workflows more accurate at each step and more490

complete across the full trajectory.491

5.3 Turn-Level Next-Exam Alignment492

We next evaluate whether each method can select493

the immediate next reference examination at the494

turn level. To make the comparison fair, all LLM 495

baselines (Qwen Team, 2026; Sellergren et al., 496

2025; Baichuan-M2 Team et al., 2025; DeepSeek- 497

AI, 2026) are given the standardized action bank 498

and asked to choose within the same action space. 499

This setting therefore tests next-action selection 500

under a shared interface, rather than comparing 501

constrained ranking with unconstrained free-form 502

generation. 503

The top-frequency baseline performs poorly, 504

showing that next-examination selection is not a 505

global popularity problem. The LLM baselines per- 506

form better than frequency ranking, but their exact 507

next-action recall remains low even with the stan- 508

dardized action bank provided. ProActIS substan- 509

tially outperforms all baselines, reaching 0.6028 510

Recall@1, 0.8868 Recall@5, and 0.7258 MRR. Its 511

Exact-or-future@1 of 0.8245 shows that its gains 512

are not limited to strict immediate-action matching, 513

but also improve trajectory-relative validity. 514

5.4 Component Ablation Study 515

We conduct a cumulative component ablation to un- 516

derstand which design choices are responsible for 517

the gains observed in turn-level next-exam ranking. 518

Table 4 progressively adds the major modeling and 519

training components introduced in Section 4. 520

The largest early gain comes from replacing the 521

single-vector state encoder with the four-channel 522

state representation. This suggests that next- 523

examination selection requires more than a com- 524

pact summary of the patient state. Hard-negative 525

learning further improves ranking by forcing the 526

model to distinguish the next reference action from 527

plausible but incorrect legal alternatives. STOP- 528

aware termination modeling mainly changes ter- 529

mination behavior, while structured channel cali- 530

bration provides the largest late-stage ranking im- 531

provement. The final future-aware hard-negative 532

refinement gives the best overall performance by 533

avoiding excessive penalties on later trajectory- 534

consistent examinations while still penalizing un- 535

supported candidates. 536

5.5 Channel Ablation Study 537

Table 5 reports leave-one-channel-out ablations for 538

the full model. Removing any channel reduces 539

performance, indicating that the four-channel state 540

representation is not merely redundant capacity. 541

Removing the prior channel causes the smallest 542

but still consistent drop, while removing the trajec- 543

tory and residual channels causes larger declines. 544
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Table 2: Dynamic LLM workflow performance. Percent-valued columns are shown without percent signs.

Setting Avg. GT Avg. req. Micro hit Macro hit Jaccard Diag. Acc. Judge

All information – – – – – 55.7 0.599
Initial + Simulated Acquisition 7.97 3.17 39.90 37.94 12.67 15.3 0.334
Initial + Hint-Guided Acquisition 7.97 2.11 42.16 46.45 21.15 17.6 0.342
Initial + ProActIS Top-1 7.97 5.93 64.55 64.65 38.40 55.2 0.595
Initial + ProActIS Top-3 7.97 5.05 71.68 71.61 36.37 56.5 0.597

Table 3: Offline full-bank next-exam ranking. E/F@1
denotes exact-or-future validity at rank 1.

Model E/F@1 R@1 R@3 R@5 MRR

Frequent 0.1864 0.0954 0.2817 0.3776 0.2038
MedGemma-27B 0.4244 0.1329 0.3036 0.3866 0.2263
Baichuan-M2 32B 0.4123 0.1051 0.2753 0.3979 0.2046
Qwen3.5 27B 0.4642 0.1411 0.3459 0.4885 0.2598
DeepSeek V4 Pro 0.4411 0.1378 0.3450 0.4891 0.2582
ProActIS 0.8245 0.6028 0.8169 0.8868 0.7258

Table 4: Cumulative component ablation.

Ablation R@1 R@5 MRR STOP@1

Single-vector 0.3092 0.6183 0.4489 0.8948
Four-channel 0.5019 0.8073 0.6355 0.6327
+ Hard neg. 0.5427 0.8654 0.6817 0.7440
+ STOP-aware 0.5441 0.8647 0.6830 0.9093
+ Channel calib. 0.5907 0.8781 0.7152 0.9543
+ Future-aware 0.6028 0.8868 0.7258 0.9621

The VOI-inspired channel has the largest average545

drop, especially in R@1 and MRR. This supports546

the view that next-exam proposal is fundamentally547

an information-seeking task: the model must es-548

timate which examination is likely to reduce the549

current evidence gap, not merely whether an exam-550

ination is clinically related to the case.551

5.6 Case Study552

One common reason for poor LLM performance553

in dynamic diagnosis is premature closure, where554

once early evidence supports the chief complaint,555

the model tends to stop collecting further infor-556

mation and make a final diagnosis. A represen-557

tative case involved a 78-year-old woman with558

PAD/PVD, CKD, atrial fibrillation on Coumadin,559

anemia, cirrhosis, and heart failure, presenting with560

right lower-extremity ischemia, redness, severe561

pain, and ulceration.562

Without ProActIS, the LLM rapidly anchored on563

the chief complaint. In both the simulated acqui-564

sition and guided-hint settings, it requested lower-565

extremity Doppler ultrasonography followed by566

CT imaging, and reached a final diagnosis after567

only two rounds. By contrast, ProActIS-assisted568

workflows acquired a broader spectrum of clini-569

Table 5: Leave-one-channel-out ablation.

Removed R@1 R@3 R@5 MRR

None 0.6028 0.8169 0.8868 0.7229
Prior 0.5647 0.7848 0.8612 0.6912
Trajectory 0.5316 0.7556 0.8452 0.6652
Residual 0.5294 0.7521 0.8423 0.6619
VOI-inspired 0.4957 0.7661 0.8585 0.6490

cal evidence within a comparable number of turns. 570

With either Top-1 or Top-3 support, the LLM re- 571

quested six examinations and matched five refer- 572

ence examinations. Importantly, these matched 573

examinations covered not only vascular evaluation, 574

but also hematologic, coagulation, metabolic, hep- 575

atic function, and imaging evidence, suggesting 576

that ProActIS promotes more comprehensive and 577

clinically grounded evidence acquisition prior to 578

diagnosis. 579

This case shows that unguided LLMs can stop 580

after obtaining only chief-complaint-related ev- 581

idence, causing failure in dynamic diagnosis. 582

ProActIS improves the trajectory by guiding the 583

LLM toward a broader set of reference-aligned ex- 584

aminations before final diagnosis. 585

6 Conclusion 586

This work shows that effective clinical language 587

agents require not only strong final-answer reason- 588

ing, but also reliable evidence acquisition during 589

the diagnostic process. By framing examination 590

proposal as a state-conditioned ranking problem 591

and evaluating it with both offline alignment and as- 592

sisted dynamic workflows, ProActIS demonstrates 593

that lightweight, explicit support for selecting the 594

next examination can substantially improve evi- 595

dence coverage and workflow alignment. Our find- 596

ings suggest that proactive examination proposal is 597

a practical and underexplored component of LLM- 598

based clinical agents, and point toward future sys- 599

tems that integrate reasoning, evidence acquisition, 600

and termination decisions in more faithful dynamic 601

diagnostic workflows. 602
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Limitations603

This work has several limitations. First, ProActIS604

does not model physical examination actions. This605

is mainly a dataset limitation: in MIMIC-IV, phys-606

ical examination information appears in clinical607

notes without a standardized action nomenclature,608

and the descriptions are often subjective, heteroge-609

neous, and difficult to normalize into order-level610

actions comparable to laboratory, microbiology, or611

radiology examinations.612

Second, the reference trajectories used in this613

work should not be interpreted as gold-standard614

clinical pathways. They reflect recorded examina-615

tion trends under each patient’s observed state and616

institutional practice patterns, but public datasets617

do not provide physician-validated optimal dy-618

namic diagnostic trajectories for this setting.619

Third, the proposed benchmark and model out-620

puts have not yet been validated by physicians, so621

trajectory alignment should be treated as a proxy622

evaluation rather than clinical endorsement. Nev-623

ertheless, the benchmark is useful for measuring624

whether agents can recover observed examination-625

acquisition patterns under controlled leakage con-626

straints, which is a necessary step before physician-627

validated prospective evaluation.628

Fourth, ProActIS is an examination proposer629

only: it recommends candidate exams or STOP,630

but it does not interpret returned results, synthe-631

size diagnoses, or make final clinical decisions.632

Finally, end-to-end diagnostic outcomes depend on633

the downstream LLM, the simulator or feedback634

mechanism, and the prompting protocol, so im-635

provements in examination proposal may not trans-636

fer uniformly across all clinical-agent systems.637
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A Declaration of Generative AI Usage 761

During the preparation of this work, Large Lan- 762

guage Models (LLMs) were utilized solely as 763

language-polishing tools to enhance clarity, read- 764

ability, grammatical accuracy, and stylistic refine- 765

ment. The AI technology was strictly confined to 766

proofreading and did not contribute to the genera- 767

tion or conceptualization of new scientific content, 768

data, or ideas. For enhanced visual communica- 769

tion, AI tools were employed strictly to generate 770

individual icons within the flowcharts. The over- 771

all architecture and layout of the flowcharts were 772

manually designed and constructed by the authors. 773

All scientific data visualizations were generated ex- 774

clusively from raw data, with no AI involvement in 775

data representation. All AI-generated outputs were 776

thoroughly reviewed, verified, and curated by the 777

authors before integration into the final manuscript. 778

B Dataset Construction Details 779

Leakage Control We retained only admission- 780

facing sections from each discharge summary as 781

model-visible patient context. Discharge diagnosis, 782

hospital course, discharge medications, and sec- 783

tions containing reported laboratory or imaging re- 784

sults were removed because they may reveal down- 785

stream diagnostic conclusions or examination out- 786

comes. The Diagnosis field was retained only for 787

cohort filtering and reference analysis. Cases were 788

further screened for explicit diagnosis mentions in 789

Past Medical History and History of Present Illness 790

using string matching, clinical synonym matching, 791

and DeepSeek-assisted binary leakage review be- 792

fore training. 793

Action Bank Construction Raw laboratory tests, 794

microbiology tests, and radiology records were first 795

collected within a 24-hour window centered on 796

the case index time and ordered chronologically. 797

Because MIMIC-IV records are often item-level 798

rather than order-level, raw items and studies were 799

normalized into order-level examination actions. 800

We used LOINC codes, examination metadata, and 801

clinical semantics to propose mappings from raw 802

records to standardized actions. Candidate map- 803

pings were reviewed with GPT-5(OpenAI, 2026) 804

and Gemini 3.1 Pro(Google DeepMind, 2026), 805

manually inspected, and then frozen. The frozen 806

mapping was applied deterministically across all 807

splits. 808

The final action bank contains 129 standardized 809
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examination actions, grouped into 31 laboratory,810

64 microbiology, and 34 radiology actions. A ter-811

minal STOP action was added to represent the end812

of evidence acquisition. DeepSeek was used to as-813

sist action-bank and action-card generation. Each814

action card contains the examination name, bucket,815

parent ontology, modality, body system, clinical816

purpose, information type, and typical indications.817

These cards provide examination semantics to the818

action encoder rather than serving as one-hot la-819

bels. They are not clinically validated guidelines820

and contain no patient-specific information or case-821

specific labels.822

Turn-Level Example Construction Each raw823

examination record was mapped to one standard-824

ized action. Admissions without mapped examina-825

tions were removed. Repeated standardized actions826

within the same case were collapsed to their first827

occurrence to avoid over-weighting repeated item-828

level measurements. Each case trajectory was then829

converted into turn-level examples: at each turn,830

the model state includes the initial patient context831

and the ordered history of previously selected ex-832

aminations with returned results, while the target833

is the next reference action. STOP is appended as834

the final target for each case.835

C Method Detail836

Model and Training Details. We initialize the837

text encoder with BioLinkBERT(Yasunaga et al.,838

2022) to encode patient states, examination-result839

histories, and action-card descriptions. To reduce840

trainable parameters and stabilize optimization,841

we apply LoRA-based(Hu et al., 2022) parameter-842

efficient fine-tuning to the backbone encoder while843

training the task-specific projection layers, chan-844

nel calibration parameters, action bias, STOP head,845

and ranking objectives. The model is trained with846

full-bank candidate scoring over the standardized847

action set, including laboratory, microbiology, ra-848

diology, and STOP actions. All main training runs849

are conducted on 8 NVIDIA H800 GPUs with dis-850

tributed data-parallel training.851

Compute Cost and Hyperparameters. Train-852

ing for 10 epochs required approximately 60 GPU-853

hours on 8 GPUs; we used batch size 14 per GPU,854

bfloat16 with FlashAttention-2, embedding dimen-855

sion 256, dropout 0.1, AdamW with base learn-856

ing rate 2 × 10−5, LoRA rank 8 with α = 16857

and dropout 0.05, temperature 1.0, max 8 static858

chunks of length 512 with overlap 64, max 32 859

events, max event/action length 512/256, hard- 860

negative K = 5, rank margin 0.3, rank loss weight 861

0.05, STOP sufficiency loss weight 0.05, future 862

loss weight 0.05 with denominator discount 0.25, 863

class-balance strength 0.5 with weights clipped to 864

[0.5, 3.0], structured channel calibration and global 865

action bias enabled, and seed 13. 866

Structured Ranker Details. ProActIS follows 867

a contrastive dual-encoder design. The patient en- 868

coder maps the turn-level state St = (S0, pt) into 869

structured state representations, and the action en- 870

coder maps each candidate examination e ∈ Ct into 871

action representations. The model then computes 872

a state-action compatibility score s(t, e) for each 873

legal candidate. 874

The patient state is represented with four learned 875

diagnostic channels: 876

ut = {upriort , utrajt , urest , uvoit }. 877

These channels are architectural inductive biases 878

rather than guaranteed disentangled clinical vari- 879

ables. The prior channel summarizes baseline ex- 880

amination plausibility from the static patient con- 881

text. The trajectory channel summarizes the or- 882

dered examination-result prefix. The residual chan- 883

nel models the clinical state after observed exami- 884

nation results update the initial presentation. The 885

VOI- inspired channel represents remaining infor- 886

mation need; it is a learned representation, not a 887

formal expected-utility calculation. 888

The static branch encodes the initial patient infor- 889

mation S0 into a global static representation hstatic 890

and static problem slots Zstatic. The prior channel 891

is obtained by projecting the global representation: 892

upriort = Wpriorhstatic. 893

The dynamic branch encodes the ordered 894

examination-result prefix pt. Each examination- 895

result pair (ei, ri) is encoded as an event represen- 896

tation, positional information is added to preserve 897

order, and a sequence encoder produces an event 898

memory Mt and pooled trajectory representation 899

htraj. The trajectory channel is 900

utrajt = Wtrajhtraj. 901

For the first decision step, where t = 0, no 902

examination-result event has been observed. We 903

use a learned empty-prefix representation so that 904
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trajectory-dependent components remain well-905

defined.906

The residual channel is produced by static-907

dynamic cross-attention. ProActIS uses static prob-908

lem slots as queries and trajectory event memory909

as keys and values:910

At = MHA(Q = Zstatic,K = Mt, V = Mt).911

The attended evidence is combined with the origi-912

nal static slots through a gated update:913

Gt = σ (Wg[Zstatic;At;Zstatic ⊙At;Zstatic −At]) ,914

915
∆t = W∆[Zstatic;At;Zstatic ⊙At],916

917
Rt = LayerNorm (Zstatic +Gt ⊙∆t) .918

Pooling the updated slots gives the residual repre-919

sentation:920

hres = Pool(Rt), urest = Wreshres.921

The VOI-inspired channel uses an orthogonal922

residual between the static representation and the923

evidence-conditioned residual representation. The924

projection of hstatic onto hres is925

Projhres
(hstatic) =

h⊤statichres
∥hres∥22 + ϵ

hres.926

The orthogonal residual is927

dt = hstatic − Projhres
(hstatic).928

The VOI-inspired channel is then computed as929

uvoit = LayerNorm
(
Wvoidt + eℓ(t)

)
,930

where eℓ(t) is a learned prefix-length embedding.931

Each action card contains structured natural-932

language fields such as the standardized exami-933

nation name, modality or bucket, parent ontology,934

body system, clinical purpose, information type,935

and typical indications. These cards are shared936

across training, validation, and test splits. They937

contain no patient-specific information and do not938

serve as clinical guidelines.939

For each candidate examination e, the action940

encoder produces a shared representation hact(e).941

Channel-specific projections then map this shared942

representation into four action vectors:943

qprior(e), qtraj(e), qres(e), qvoi(e).944

Score Function and STOP Details. For each 945

channel k ∈ {prior, traj, res, voi}, ProActIS com- 946

putes 947

zk(t, e) = (ukt )
⊤qk(e), 948

where each logit measures compatibility between 949

candidate examination e and one diagnostic factor 950

of the current state. The final score is a calibrated 951

mixture of the four channel logits: 952

s(t, e) =
1

τ

∑
k

αk(B(t), κ(e))zk(t, e) + β(e). 953

Here, τ > 0 is a learned temperature, β(e) is a 954

learned action bias, κ(e) denotes the action kind, 955

and B(t) is a prefix-derived workflow bucket. The 956

channel weights are normalized as 957

αk(B(t), κ(e)) =
expΓB(t),κ(e),k∑
k′ expΓB(t),κ(e),k′

. 958

At inference time, ProActIS ranks all legal can- 959

didates by the final state-action score: 960

πt = argsorte∈Ct s(t, e), 961

and predicts the top-ranked action: 962

êt = πt(1). 963

All candidate examinations and STOP are com- 964

pared in the same score space. Future trajectory 965

labels, final diagnoses, and separate STOP thresh- 966

olds are not used. 967

STOP differs from laboratory, microbiology, and 968

radiology actions because it terminates evidence 969

acquisition rather than requesting additional infor- 970

mation. ProActIS therefore models STOP both as 971

a ranked candidate in the unified action space and 972

as an auxiliary supervision signal for information 973

sufficiency. 974

The auxiliary STOP head receives the concate- 975

nation of the four state channels and prefix-length 976

embedding: 977

gt = [upriort ;utrajt ;urest ;uvoit ; eℓ(t)]. 978

Future-Aware Training Details. For each turn t, 979

the exact positive is the immediate next reference 980

action e∗t+1. We define the future-valid set as legal 981

actions that appear later in the same trajectory: 982

Ft = {ej : j > t+ 1} ∩ Ct. 983

Future-valid actions are not treated as additional 984

positives; the model is still trained to rank e∗t+1 985
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highest. However, they are protected from strong986

negative pressure because they remain consistent987

with the reference trajectory.988

For hard-negative learning, ProActIS mines neg-989

atives only from invalid legal candidates:990

It = Ct \
(
{e∗t+1} ∪ Ft

)
.991

Given the invalid candidate set It, the future-992

filtered hard-negative set is993

HK
t = TopKe∈It s(t, e).994

The exact full-bank cross-entropy loss is995

LCE = − log
exp s(t, e∗t+1)∑
e∈Ct exp s(t, e)

.996

Let997

Fexam
t = Ft \ {STOP}.998

For discount coefficient µ ∈ [0, 1], the future-999

relaxed denominator is1000

Z future
t = exp s(t, e∗t+1)+

∑
e∈Ct\({e∗t+1}∪Fexam

t )

exp s(t, e)+µ
∑

e∈Fexam
t

exp s(t, e).1001

The future-relaxed cross entropy is1002

LFCE = −s(t, e∗t+1) + logZ future
t .1003

When µ = 1, this recovers ordinary cross entropy;1004

when µ = 0, non-STOP future-valid examinations1005

are removed from the relaxed denominator. STOP1006

is not discounted, preventing later terminal actions1007

from becoming easier to rank before the reference1008

stopping point.1009

Given the invalid hard-negative set HK
t , ProAc-1010

tIS uses a smooth margin objective:1011

LHN = log

1 +
∑

e−∈HK
t

exp
(
m− s(t, e∗t+1) + s(t, e−)

) ,1012

where m is the ranking margin.1013

The full objective combines the ranker loss with1014

the future-filtered hard-negative loss and auxiliary1015

STOP sufficiency loss:1016

L = Lranker + λHNLHN + λSTOPLSTOP.1017
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