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Abstract001

Surgical planning integrates visual perception,002
long-horizon reasoning, and procedural knowl-003
edge, yet it remains unclear whether current004
evaluation protocols reliably assess vision-005
language models (VLMs) in safety-critical set-006
tings. Motivated by a goal-oriented view of007
surgical planning, we define planning correct-008
ness via phase-goal satisfiability, where plan009
validity is determined by expert-defined surgi-010
cal rules. Based on this definition, we introduce011
a multicentric meta-evaluation benchmark with012
valid procedural variations and invalid plans013
containing order and content errors. Using014
this benchmark, we show that sequence simi-015
larity metrics systematically misjudge planning016
quality, penalizing valid plans while failing to017
identify invalid ones. We therefore adopt a018
rule-based goal-satisfiability metric as a high-019
precision meta-evaluation reference to assess020
Video-LLMs under progressively constrained021
settings, revealing failures due to perception022
errors and under-constrained reasoning. Struc-023
tural knowledge consistently improves perfor-024
mance, whereas semantic guidance alone is un-025
reliable and benefits larger models only when026
combined with structural constraints.027

1 Introduction028

Vision-language models (VLMs) have become029

powerful foundation models capable of reason-030

ing over visual content through natural lan-031

guage (Zhang et al., 2025a). In the video domain,032

they have progressed beyond low-level perception033

toward long-horizon temporal reasoning (Grauman034

et al., 2022; Bai et al., 2025), enabling action recog-035

nition (Fan and Zheng, 2024), anticipation (Lin036

et al., 2024), and task-oriented planning (Li et al.,037

2025a; Zhao et al., 2023; Li et al., 2025b), and038

supporting online assistance in everyday scenarios.039

As these capabilities mature, VLMs are increas-040

ingly considered for deployment in high-stakes set-041

tings, where errors carry significant consequences.042

One such domain is surgery, where intelligent intra- 043

operative surgical planning (Boels et al., 2025b,a; 044

Xu et al., 2025b) predicts future actions condi- 045

tioned on the current procedural state and the goal, 046

which is highly desirable but subject to strict re- 047

quirements on safety and reliability issues. 048

Despite recent progress in surgical planning 049

models, it remains unclear whether existing eval- 050

uation protocols reliably measure clinically valid 051

planning behavior. Most prior work evaluates plan- 052

ning outputs by comparing predicted step or phase 053

sequences to a single reference trajectory using 054

surface sequence similarity metrics (Ding et al., 055

2025; Xu et al., 2025a) such as edit distance or 056

relative order accuracy. These metrics equate plan- 057

ning correctness with resemblance to one observed 058

execution, potentially rewarding unsafe ordering 059

errors while penalizing clinically plausible alterna- 060

tives. This mismatch raises concerns about whether 061

current evaluations meaningfully reflect planning 062

capability in safety-critical surgical settings. 063

To address this, motivated by a goal-oriented, 064

multi-step view of surgical planning, we define 065

planning correctness via phase-goal satisfiability, 066

with plan validity determined by expert-defined 067

surgical rules encoding hierarchical phase–step 068

relations and procedural constraints. Building 069

on this definition, we introduce a multicentric 070

meta-evaluation benchmark grounded in MultiBy- 071

pass140 (Lavanchy et al., 2024), comprising clini- 072

cally valid procedural variations and systematically 073

constructed invalid plans with order and content 074

errors. This benchmark enables meta-evaluation of 075

planning metrics by assessing whether their valid- 076

ity judgments align with goal satisfiability rather 077

than surface-level resemblance. 078

Using this benchmark, we show that widely used 079

sequence similarity metrics are fundamentally mis- 080

aligned with goal-satisfiability, and that LLM-as-a- 081

judge baselines often capture semantic omissions 082

but fail to enforce strict procedural dependencies. 083
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Figure 1: Comparison of sequence similarity metrics and rule-based checker metric. Top: Surgical procedures
follow a hierarchical structure: each phase (e.g., P5) contains mandatory core steps (blue) and permissible generic
steps (green). Bottom Left: Sequence similarity metrics compare predictions to a fixed reference, causing false neg-
atives for valid clinical variations (Prediction A) and false positives for prohibited orderings (Prediction B). Bottom
Right: The rule-based checker correctly distinguishes valid from invalid plans using surgical rules.(Section 3.1)

Lacking a reliable alternative for planning cor-084

rectness, we then adopt a rule-based checker met-085

ric as a high-precision meta-evaluation reference086

to assess Video-LLMs under progressively infor-087

mative planning settings, from end-to-end video088

planning to explicit state and injected knowledge.089

This reveals failure modes driven by visual mis-090

recognition and under-constrained reasoning, and091

shows that explicit procedural structure yields con-092

sistent gains, whereas semantic knowledge benefits093

depend strongly on model capacity.094

These insights highlight the need for more robust095

and clinically grounded evaluation protocols to sup-096

port the development of reliable surgical planning097

systems in high-stakes settings. Contributions:098

• We define planning correctness via goal-099

satisfiability under expert-defined surgical rules.100

• We introduce a meta-evaluation benchmark with101

valid procedural variations and invalid plans.102

• We benchmark traditional metrics and LLM-103

based judges under a meta-evaluation framework,104

revealing systematic evaluation misalignment.105

• We introduce a rule-based checker metric and use106

it to evaluate Video-LLMs across progressively107

constrained planning tasks.108

2 Rethinking Surgical Planning: Task109

Formulation and Prior Work110

2.1 Previous Work: Flat Prediction under111

Strong Structural Constraints112

Task formulation mismatch (flat vs. hierarchi-113

cal). Prior work in surgical planning predominantly114

formulates the problem as flat prediction, includ- 115

ing next-action classification (Xu et al., 2025b,a), 116

phase transition forecasting (Boels et al., 2025a; 117

Chen et al., 2025). These formulations assume a 118

single temporal granularity and reduce planning to 119

local transitions between adjacent actions or phases. 120

However, real surgical procedures are inherently 121

hierarchical (Biagini et al., 2025; Lavanchy et al., 122

2024; Lalys and Jannin, 2014). Phases correspond 123

to strategic sub-goals, steps instantiate tactical 124

plans, and actions serve as execution primitives. 125

Planning cognition operates not at isolated action 126

transitions, but in organizing multi-step structures 127

toward phase-level objectives. Flat formulations 128

obscure this hierarchy and fail to capture operative 129

procedural logic. 130

Objective mismatch (transition-based vs. 131

goal-oriented). Existing approaches largely focus 132

on predicting what comes next, treating planning 133

as a sequence of independent transition decisions. 134

In contrast, surgical decision-making is fundamen- 135

tally goal-oriented. Surgeons do not decide on iso- 136

lated actions; instead, they engage in top-down rea- 137

soning. A surgeon first establishes a strategic phase 138

level objective (e.g., jejunal separation) , which 139

then constrains and motivates a sequence of co- 140

ordinated steps (e.g., mesenteric opening, jejunal 141

transection) planned over a long temporal horizon. 142

As a result, transition-centric models lack the se- 143

mantic grounding needed to explain why a step is 144

performed and whether a sequence meaningfully 145

contributes to procedural completion. For instance, 146

a dissection action may be appropriate during the 147
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dissection of Calot’s triangle, but would be ques-148

tionable if it occurs during the abdominal closure149

phase (Lavanchy et al., 2025).150

Path multiplicity ignored (single trajectory151

vs. multiple valid plans). Clinical reality ad-152

mits multiple valid step-level paths to achieve the153

same phase-level goal, driven by surgeon prefer-154

ence, patient anatomy, intraoperative findings, and155

institutional style. In practice, even the same sur-156

gical team may legitimately reorder phases; for157

instance, in Roux-en-Y gastric bypass (Lavanchy158

et al., 2024), performing omentum division before159

gastric pouch creation can improve operative ex-160

posure. Such variations are clinically equivalent161

as they preserve essential dependencies (e.g., per-162

forming anastomosis before its integrity test). Prior163

work, however, typically treats the observed se-164

quence as a unique ground truth, implicitly equat-165

ing deviations with errors. This one-to-one assump-166

tion contradicts surgical practice, where procedural167

correctness is defined by dependency preservation168

rather than exact sequence identity. Modeling surgi-169

cal planning as deterministic single-path prediction170

therefore systematically penalizes valid variations171

and conflates alternative plans with incorrect ones,172

despite strong structural constraints.173

2.2 Evaluation Mismatch: From Sequence174

Similarity to Goal Satisfiability175

Given that surgical planning is goal-oriented, and176

admits multiple valid paths, a key issue lies in how177

it is evaluated. Prior work predominantly relies178

on sequence match metrics and their variants, in-179

cluding edit distance, Jaccard similarity, and rela-180

tive order accuracy. Despite different formulations,181

these metrics share a common design: they mea-182

sure surface-level similarity between a predicted183

sequence and a single reference trajectory.184

This evaluation paradigm implicitly assumes a185

unique correct execution path, equates deviation186

with error, and treats order similarity as a proxy187

for procedural validity. As a result, planning is188

assessed by agreement with an observed rollout189

rather than by whether a sequence can meaning-190

fully accomplish the intended surgical objective.191

These assumptions contradict surgical reality.192

Because multiple step-level paths may validly sat-193

isfy the same phase-level goal, sequence similarity194

metrics produce false negatives by penalizing le-195

gitimate alternatives, and false positives by reward-196

ing superficially similar but dependency-violating197

plans (Figure 1). Therefore, procedural correctness198

should be defined not by sequence identity, but 199

by whether a plan plausibly satisfies the surgical 200

goal under essential procedural dependencies. This 201

task-evaluation mismatch motivates the need for 202

a goal-satisfiability-based perspective and leads to 203

our meta-evaluation framework. 204

3 Meta-Evaluation: A Goal-Satisfiability 205

Benchmark for Surgical Planning 206

This section introduces a meta-evaluation bench- 207

mark to test whether existing planning metrics cor- 208

rectly assess goal-satisfiability in surgical planning. 209

3.1 Formalizing Goal-Satisfiability with 210

Surgical Rules 211

Our benchmark is grounded in the MultiBypass140 212

dataset (Lavanchy et al., 2024), a multicentric 213

collection of 140 laparoscopic Roux-en-Y gas- 214

tric bypass procedures with untrimmed videos and 215

surgeon-annotated hierarchical labels spanning 11 216

phases and 45 fine-grained steps. 217

We formalize goal-satisfiability via a set 218

of expert-defined surgical rules that determine 219

whether a step sequence can plausibly complete 220

a target phase. The rules encode clinically essential 221

constraints derived from phase semantics and pro- 222

cedural dependencies and are intended as a high- 223

precision reference for meta-evaluation. Rather 224

than enumerating all valid surgical variations, the 225

rules conservatively distinguish sequences that are 226

definitively invalid from those that are plausibly 227

goal-satisfiable within a well-defined scope. 228

Rule Components. An example of phase P5 229

(anastomosis test). 230

• Required Steps Set defines mandatory steps to 231

achieve the phase goal: S22 (gastric tube place- 232

ment), S23 (jejunal clamping), S24 (dye injec- 233

tion), and S25 (visual assessment). 234

• Allowed Steps Set enumerates additional steps 235

that may plausibly occur without violating the 236

phase objective, such as S3 (retractor placement), 237

S39 (hemostasis), or S40 (irrigation aspiration). 238

• Procedural Dependencies enforce critical order- 239

ing constraints among core steps, such as, if S24 240

occurs, the first occurrence of S23 must strictly 241

precede it, and S25 must occur after S24. 242

• Prohibitive Orderings further restricts when an- 243

cillary steps may appear. Actions such as S39 244

(hemostasis) or S40 (irrigation aspiration), if 245

present, are permitted only after clamping has 246

begun. Crucially, once the last S25 is completed, 247
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Figure 2: Meta-evaluation and Evaluation Pipelines for Surgical Planning. Left: Rule-based benchmark defining
goal-satisfiability via hierarchical phase-step relations and procedural constraints (dependencies and prohibitive
orderings), separating valid and invalid step sequences. Right: Progressive evaluation of Video-LLMs, from
end-to-end planning to planning with ground-truth steps and injected knowledge.

core test steps are prohibited from reappearing,248

explicitly marking completion of the phase.249

We construct a comprehensive rule specification250

that encodes all constraints described above, in-251

cluding 50 expert-defined procedural dependencies252

and prohibitions, hierarchical phase-step relations,253

and phase-specific allowed and required steps from254

the MultiBypass140 annotation protocol. A step255

sequence is labeled as valid if it satisfies all rules de-256

fined for the target phase; any violation of rules ren-257

ders it invalid. These rules provide a high-precision258

reference labeling of goal-satisfiability within the259

scope of the benchmark, serving as the basis for260

evaluating whether different metrics capture the in-261

tended notion of procedural validity. They are not262

intended to represent an exhaustive clinical ground263

truth, but rather a conservative reference that reli-264

ably identifies definitively invalid plans.265

3.2 Meta-Evaluation Dataset Construction266

Building on these surgical rules, we construct a267

meta-evaluation dataset from MultiBypass140 de-268

signed to probe metric behavior under a multi-path269

formulation. We curate a test set of step-phase270

pairs, categorized by expert surgeons (Figure 2):271

• Correct Sequences (N = 191): Clinically valid272

paths that satisfy all rules and achieve the phase273

goal, allowing legitimate variations in step order274

and ancillary maneuvers (e.g., hemostasis).275

• Incorrect Sequences (N = 199): Paths that vi-276

olate one or more rules and fail to achieve the277

phase goal, further sub-classified into Order Er-278

rors (OE; violations of procedural dependencies),279

Content Errors (CE; missing core steps or inclu-280

sion of any step outside the allowed set of the281

corresponding phase), and Both (BE).282

3.3 Meta-Evaluation Protocol 283

We define a unified protocol to evaluate planning 284

metrics under a goal-satisfiability formulation. 285

Input. The input to a metric is a candidate step 286

sequence and its associated target phase. For met- 287

rics that require a reference sequence, we construct 288

a canonical reference using the phase-specific core 289

steps defined by the surgical rules, ordered accord- 290

ing to standard procedural dependencies. 291

Output. Each metric produces a binary judg- 292

ment indicating whether the candidate sequence 293

is considered valid (goal-satisfiable) or invalid for 294

completing the target phase. For continuous-valued 295

metrics, scores are thresholded at 0.7 to obtain a 296

binary decision. 297

Comparison and Reporting. This protocol 298

evaluates whether a metric’s decision boundary 299

aligns with the rule-based definition of goal- 300

satisfiability, rather than surface similarity to a sin- 301

gle reference sequence. Performance is reported as 302

binary classification accuracy, optionally stratified 303

by sequence category (Valid, OE, CE, BE) to ana- 304

lyze metric sensitivity to different failure modes. 305

4 Benchmarking Planning Metrics under 306

Goal-Satisfiability Meta-Evaluation 307

Under the proposed meta-evaluation protocol, plan- 308

ning metrics are evaluated by their ability to clas- 309

sify step sequences as goal-satisfiable or invalid. 310

4.1 Metrics under Comparison. 311

Sequence Similarity Metrics We evaluate a rep- 312

resentative set of surface-level metrics, includ- 313

ing Normalized Edit Distance (NED) (Marzal 314

and Vidal, 2002), Jaccard Index on Sequences 315

(JIS) (Broder, 1997), and Relative Order Accu- 316

racy (ROA) (Kendall, 1938), using their standard 317
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Traditional Metrics ⋆ LLM-based Judges

Subset NED JIS ROA Rule Gemini3 GPT 5.2 Claude 4.5 HuluMed

Valid 18.8 40.3 93.2 100.0 99.5 97.4 61.8 99.0

OE 87.3 46.5 11.3 100.0 11.3 18.3 80.3 8.5
CE 86.8 85.3 17.6 100.0 85.3 97.1 97.1 58.8
BE 96.7 85.0 20.0 100.0 98.3 100.0 100.0 75.0

Invalid 89.9 71.4 17.1 100.0 63.8 69.8 92.0 45.7

Table 1: Accuracy (%) comparison of traditional similarity metrics and LLM-based judges across valid and erroneous
subsets. NED: Normalized Edit Distance. JIS: Jaccard Index on Sequences. ROA: Relative Order Accuracy. OE:
order error. CE: content error. BE: both error.

formulations. These metrics, together with their318

commonly used variants, have been widely adopted319

to measure sequence similarity and relative order320

agreement in prior surgical workflow analysis.321

Rule-based Checker Metric. We include an322

expert-defined rule-based checker derived from323

the surgical rules in Section 3.1, which labels324

sequences as valid or invalid; since the meta-325

evaluation dataset strictly follows these rules, the326

checker serves as an upper bound on performance.327

LLM Judge. We evaluate several LLM-based328

judges that assess plan plausibility using injected329

phase-step relationships and descriptions, rather330

than the explicit rules in Section 3.1. These judges331

output both a binary validity decision and a textual332

explanation, providing a more flexible and poten-333

tially scalable alternative to the rule-based checker.334

4.2 Results and Analysis335

Surface-level similarity metrics exhibit a system-336

atic bias. NED and JIS achieve high accuracy on337

invalid sequences but perform poorly on valid plans338

(Table 1), misclassifying the majority of clinically339

correct variations. This confirms a similarity trap:340

deviations from a single reference trajectory are341

penalized regardless of whether the phase goal is342

satisfied. As a result, these metrics conflate proce-343

dural diversity and flexibility with error.344

ROA is permissive but unsafe. ROA achieves345

high accuracy on valid sequences but fails catas-346

trophically on order errors (Table 1). By measuring347

only relative pairwise order, it overlooks repetitions348

and critical misplacements that render a procedure349

infeasible, thereby rewarding sequences that vio-350

late essential temporal and causal constraints.351

Rule-based evaluation provides a high-352

precision reference. The expert-defined rule353

checker metric achieves perfect accuracy across354

all subsets within its defined scope, as it is directly355

derived from the same rules used to construct the356

dataset; we therefore treat it as a high-precision 357

upper bound. However, this approach requires sub- 358

stantial expert effort and is highly task-specific, 359

limiting its practicality and scalability to broader 360

procedures or settings. 361

LLM-based Judges: Semantics over Struc- 362

ture. Table 1 indicates that LLM-based evaluators 363

perform well on content errors, indicating strong 364

semantic understanding of phase goals and missing 365

steps. They utilize internal medical knowledge to 366

recognize that Gastric Pouch Creation cannot be 367

completed if the stapling step is missing. However, 368

most models struggle with order errors, frequently 369

approving sequences that violate critical procedural 370

dependencies. For phase P5, S24 is placed before 371

S23, which would allow the dye to escape down- 372

stream before the test segment is sealed, thereby 373

invalidating the anastomotic leak test; nevertheless, 374

GPT judged the sequence as correct, reasoning that 375

all required instruments for the test were present. 376

This failure highlights a systematic tendency of 377

LLMs to prioritize semantic completeness over 378

strict procedural ordering, leading to errors when 379

correct execution depends on temporal or causal 380

constraints rather than the mere presence of actions. 381

Moreover, different models exhibit distinct biases: 382

HuluMed tends to over-accept plausibly complete 383

plans, while Claude over-reject them; yet none con- 384

sistently enforce dependency-level correctness. 385

Overall, existing planning metrics fail to reli- 386

ably assess goal-satisfiability in realistic multi-path 387

settings: rule-based evaluation is precise but un- 388

scalable, while LLM-based evaluators are flexible 389

yet unable to infer strict procedural constraints. 390

5 Evaluation of Video-LLMs for 391

Goal-Oriented Surgical Planning 392

5.1 Experimental Setup 393

Dataset. Experiments are conducted on MultiBy- 394

pass140. To focus on logical planning rather than 395

5



temporal boundary detection, we segment each396

video into 5,032 discrete step-level clips based on397

expert annotations. Each clip preserves its full tem-398

poral context (up to ten minutes), ensuring that the399

model has access to the complete visual evidence400

of the ongoing maneuver.401

Models. We evaluate VideoLLaMA3-7B (Zhang402

et al., 2025b), LLaVA-NeXT-Video-7B (Li et al.,403

2024), Qwen2.5-VL (7B/32B) (Bai et al., 2025),404

and medical models Hulu-Med (7B/32B) (Jiang405

et al., 2025) and Lingshu (7B/32B) (Xu et al.,406

2025c). All models are evaluated zero-shot (tem-407

perature = 0, max output = 2048 tokens).408

5.2 Progressive Task Formulation409

To disentangle visual perception from procedu-410

ral reasoning, we define progressively constrained411

planning tasks. (Figure 2)412

Real-World Setting: End-to-End Planning.413

Task 1: Models are given raw surgical video clips,414

the current phase label, the history of completed415

steps, and a set of candidate step labels. They must416

infer the current procedural state from visual evi-417

dence and generate a plausible future step sequence.418

This setting mimics a real-world intraoperative as-419

sistant that must simultaneously ground its under-420

standing in visual evidence (What is happening421

now?) and extrapolate future actions.422

Controlled Setting: Planning with Explicit423

State. Task 2: To isolate planning from perception,424

models are additionally provided with the current425

step identity, while retaining video input. This426

removes ambiguity about the procedural state and427

allows us to directly assess the model’s ability to428

plan future steps from a fixed starting point.429

Knowledge Injection for Surgical Planning.430

Task 3: We further investigate how external medical431

expertise modulates planning quality by injecting432

three forms of knowledge into the Task 2 setup:433

3.1 Structural knowledge: phase-step hierarchy.434

3.2 Semantic knowledge: expert-written natural435

language descriptions of the phases and steps.436

3.3 Combined knowledge: both knowledge.437

5.3 Planning Output438

Each model produces a unified structured output439

following a fixed JSON schema:440

• Remaining steps to complete the current phase441

• Next phase (as a phase name)442

• Reasonable step sequence for the next phase443

• Explanation (brief justification)444

This output supports two planning tasks under a 445

unified evaluation protocol: 446

current-phase completion planning, evaluated 447

on the combined plan of completed steps, the cur- 448

rent step, and predicted remaining steps; 449

next-phase planning, evaluated on the gener- 450

ated step sequence for the predicted next phase. 451

5.4 Evaluation 452

We evaluate VLM surgical planning using goal- 453

satisfiability accuracy. In the absence of a reliable 454

alternative metric (Section 4.2), we use an expert- 455

defined rule-based checker metric (Section 4.1) to 456

determine whether each generated step sequence 457

constitutes a plausible path for completing the tar- 458

get phase. Accuracy is computed as the fraction of 459

sequences judged valid. 460

For Task 1, we additionally report current step 461

recognition, defined as exact matching between the 462

predicted and ground-truth current step, to separate 463

step recognition from planning quality. We do not 464

evaluate exact next-phase prediction. Surgical plan- 465

ning admits multiple valid phase transitions and 466

does not assume a single canonical next phase. 467

5.5 Results and Analysis 468

We analyze the results of Section 5.2 by progres- 469

sively isolating the roles of visual perception, plan- 470

ning logic, and medical knowledge in goal-oriented 471

surgical planning. 472

5.5.1 The Perception-Reasoning Gap in 473

End-to-End Planning 474

Task 1 reflects the real-world setting where models 475

must infer procedural state directly from video. As 476

shown in Table 2, even the strongest model in our 477

comparison (Lingshu-32B) achieves only 39.4% 478

step recognition accuracy, resulting in substantial 479

downstream planning errors. A clinician-led analy- 480

sis reveals two dominant perception failure modes. 481

Confusing exploration with procedural steps. 482

Models often fail to distinguish long, repetitive ex- 483

ploratory video segments (e.g., tissue retraction to 484

locate target organs or vessels) from well-defined 485

surgical steps. For example, prolonged tissue ex- 486

ploration before definitive vessel exposure is often 487

misclassified as a subsequent surgical step. As a 488

result, models may prematurely conclude that a 489

phase objective has been met, producing implausi- 490

ble plans that omit essential preparatory actions. 491

Failing to recognize repeated steps. Models 492

also struggle when the same step appears multiple 493

6



Task Metric Hulu-7B Hulu-32B Qwen-7B Qwen-32B DAMO Lingshu-7B Lingshu-32B LLaVA

Real-world
StepAcc 23.5% 34.0% 21.7% 31.4% 14.4% 26.1% 39.4% 2.8%
Current 10.3% 23.8% 2.9% 20.9% 8.8% 7.4% 31.1% 1.3%

Next 2.9% 45.6% 2.4% 31.8% 1.4% 1.0% 46.5% 0.1%

Controlled Current 27.9% 40.2% 13.7% 48.6% 22.5% 22.3% 51.1% 20.5%
Next 2.7% 31.0% 2.9% 29.4% 1.5% 4.5% 40.7% 0.1%

Table 2: Goal-satisfiability accuracy (%) across models. Task 1 (real-world) evaluates current step recognition
(StepAcc) and downstream planning, while Task 2 (controlled) focuses on phase-aware planning. Current and Next
denote current-phase completion and next-phase planning accuracy. Best results are shown in bold.

times within a phase. During gastric pouch creation494

phase, steps such as horizontal stapling, retrogastric495

dissection, vertical stapling, and hemostasis may496

repeat multiple times. Models often misinterpret497

such repetition as phase progression or completion,498

leading to incorrect phase status estimation and499

subsequently flawed planning.500

These perception errors propagate directly to501

planning. For most small models, current-phase502

completion accuracy remains below 25%, while503

for larger models it is consistently lower than next-504

phase planning accuracy. This cascading failure505

indicates that step recognition errors directly un-506

dermine current-phase completion judgments. Im-507

portantly, this should not be interpreted as limited508

reasoning ability, as larger models perform well on509

next-phase planning. Rather, the results expose a510

dominant perception bottleneck: without reliable511

video-procedure alignment, even strong language512

backbones fail to support coherent surgical plan-513

ning, indicating that end-to-end planning from sur-514

gical video is constrained primarily by video un-515

derstanding rather than higher-level reasoning.516

5.5.2 The Reasoning Bottleneck:517

Under-Constrained Planning Space518

Task 2 removes perceptual ambiguity by providing519

the current step explicitly. Although performance520

improves relative to Task 1, planning quickly sat-521

urates: current-phase completion remains below522

52%, and next-phase planning accuracy falls below523

5% for small models.524

Semantically plausible but procedurally in-525

valid plans. Without explicit procedural guidance,526

models default to semantic proximity rather than527

procedural logic. As a result, generated plans often528

omit critical steps or assemble loosely related ac-529

tions that fail to collectively achieve the phase goal.530

For example, sequences may mix steps from the531

omentum division phase (e.g., omentum exposure532

and omental transection) with unrelated steps from533

gastrojejunal anastomosis, including biliary limb 534

measurement or jejunal opening. 535

This indicates that, although Video-LLMs en- 536

code general surgical knowledge, particularly in 537

medical VLMs such as Lingshu and HuluMed, 538

their planning space remains under-constrained. 539

Without explicitly encoded procedural constraints, 540

models fail to produce stable, executable step-level 541

plans, leading to performance saturation even when 542

perceptual uncertainty is removed. 543

5.5.3 Knowledge Injection: Medical Guidance 544

for Planning 545

Task 3 introduces explicit medical knowledge to 546

constrain planning, revealing how different forms 547

of knowledge affect model behavior. 548

Structural Knowledge constrains planning ef- 549

fectively. For most models, structural knowledge 550

(Task 3.1) is the most effective intervention. By 551

explicitly specifying the phase-step hierarchy, pro- 552

cedural structure sharply narrows the space of ad- 553

missible plans. This leads to large and consistent 554

gains over Task 2 in both current-phase completion 555

and next-phase planning (Table 3), particularly for 556

7B-scale models. Generated plans exhibit fewer 557

cross-phase intrusions and more reliably satisfy 558

phase-level requirements under goal-satisfiability 559

evaluation. For example, when planning the gastro- 560

jejunal anastomosis phase, unrelated steps such as 561

Petersen space exposure or biliary limb opening are 562

more consistently excluded, which were frequently 563

misincorporated in earlier tasks. 564

Similarly, during jejunojejunal anastomosis plan- 565

ning, extraneous steps such as mesenteric defect 566

exposure or mesenteric defect closure are largely 567

eliminated. These results show that concise struc- 568

tural constraints directly align model generation 569

with phase-level goals. 570

Semantic descriptions alone cannot enforce 571

procedural correctness. In contrast, semantic de- 572

scriptions without explicit structure (Task 3.2), as 573
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Task Metric Hulu-7B Hulu-32B Qwen-7B Qwen-32B DAMO Lingshu-7B Lingshu-32B LLaVA

Structural Current 42.8% 66.0% 63.0% 73.0% 43.0% 46.1% 71.1% 23.4%
Next 51.2% 49.2% 64.3% 68.7% 38.0% 62.6% 70.5% 22.9%

Description Current 26.8% 46.5% 14.0% 44.8% 26.9% 18.5% 49.7% 14.1%
Next 7.7% 26.7% 11.5% 56.7% 5.5% 0.9% 52.8% 0.1%

Combined Current 36.2% 67.6% 55.0% 69.1% 38.6% 34.6% 70.3% 19.7%
Next 41.7% 76.5% 60.8% 89.2% 53.8% 56.5% 82.1% 21.3%

Table 3: Goal-satisfiability accuracy (%) of Task 3 under different knowledge injection settings. Current and Next
denote current-phase completion and next-phase planning accuracy. Best results are shown in bold.

well as the combined setting (Task 3.3), underper-574

form structural guidance alone for 7B-scale models,575

especially for next-phase planning(Table 3). Al-576

though models often express correct surgical intent,577

they frequently omit critical execution steps needed578

to complete the phase goal. Rich semantic prompts579

tend to promote narrative plausibility rather than580

enforce discrete procedural requirements.581

For instance, after Petersen space closure, mod-582

els may correctly identify jejunojejunal anastomo-583

sis as the next phase, but still fail to include essen-584

tial steps such as biliary limb opening or alimentary585

limb measurement. Under long-context prompts,586

semantic information is often diluted, leading to587

shallow or generic plans. Models may also lose588

global procedural coherence, treating jejunojejunal589

anastomosis as the final phase and appending steps590

from later phases (e.g., mesenteric defect closure or591

cleaning and coagulation) in an unstructured man-592

ner. These failures show that semantic guidance593

alone insufficiently constrains the planning space.594

5.5.4 Model Capacity Determines Knowledge595

Integration.596

Across all settings, larger models outperform their597

7B-scale counterparts, reflecting stronger reason-598

ing capacity and more reliable use of long-context599

inputs. Structural knowledge (Task 3.1) provides600

a stable benefit across model sizes, consistently601

improving planning performance relative to Task 2.602

Small models struggle to combine multiple603

guidance. For 7B-scale models, combining se-604

mantic and structural knowledge (Task 3.3) consis-605

tently performs worse than structural constraints606

alone, particularly for next-phase planning (Ta-607

ble 3). This suggests that limited-capacity mod-608

els have difficulty integrating heterogeneous infor-609

mation sources, leading to weaker adherence to610

procedural constraints.611

Larger models better exploit combined knowl-612

edge. For 32B-scale models, Task 3.3 achieves the613

best next-phase planning performance (Table 3). 614

This indicates that sufficient capacity enables mod- 615

els to leverage semantic descriptions to refine 616

intent-level reasoning while still relying on struc- 617

tural constraints to maintain procedural validity. 618

Notably, structural knowledge alone remains highly 619

competitive even at 32B-scale, suggesting that ex- 620

plicit procedural structure benefits goal-oriented 621

surgical planning across model capacities. 622

Overall, these results suggest that model capac- 623

ity governs the ability to integrate multiple forms of 624

knowledge. Semantic enrichment becomes benefi- 625

cial primarily when sufficient capacity is available 626

to reconcile heterogeneous guidance without com- 627

promising procedural validity. 628

6 Conclusion 629

This work shows that prevailing formulations and 630

evaluations of surgical planning are misaligned 631

with clinical reality, where planning is hierarchi- 632

cal, goal-oriented, and admits multiple valid execu- 633

tion paths. We introduce a goal-satisfiability-based 634

meta-evaluation benchmark grounded in expert- 635

defined procedural rules to test whether planning 636

metrics align with this setting. Under this bench- 637

mark, widely used sequence similarity metrics re- 638

ject most valid plans, while LLM-based judges, 639

despite strong semantic understanding, frequently 640

fail to enforce critical procedural dependencies. 641

Through progressive evaluation of Video-LLMs, 642

we further show that end-to-end planning is lim- 643

ited by perception bottlenecks and that reasoning 644

remains under-constrained without explicit proce- 645

dural structure. Injecting structural knowledge pro- 646

vides the most consistent gains, whereas semantic 647

descriptions alone are insufficient and their combi- 648

nation is effective only at larger model scales. To- 649

gether, these findings motivate a shift from single- 650

trajectory similarity toward goal-satisfiability eval- 651

uation as a foundation for developing and interpret- 652

ing clinically aligned surgical planning models. 653
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Limitations654

This study has several limitations that suggest di-655

rections for future work.656

First, the expert-defined rule-based evaluator re-657

lies on manually constructed procedural rules de-658

rived from surgical principles and dataset-specific659

annotation protocols. While this approach provides660

high precision and interpretability within scope, it661

does not readily scale to new procedures, institu-662

tions, or surgical domains. Automated or semi-663

automated construction of procedural rules, poten-664

tially with LLMs assisting clinicians in formalizing665

surgical knowledge, remains a challenge.666

Second, our evaluation treats goal-satisfiability667

as a binary criterion. Although appropriate for de-668

termining whether a plan can plausibly complete669

a surgical phase, this formulation does not capture670

finer-grained aspects of planning quality, such as671

efficiency, redundancy, or preferences among mul-672

tiple valid procedural paths. Future work could673

explore more nuanced, goal-aware metrics without674

reverting to single-path assumptions.675

Third, our experiments are conducted on a lim-676

ited set of surgical datasets with rich hierarchical677

annotations. At present, few publicly available678

datasets provide phase–step hierarchies with suffi-679

cient granularity and consistency to support goal-680

oriented planning analysis. Extending this frame-681

work to additional procedures will require broader682

annotation efforts or alternative forms of weak or683

implicit supervision.684

References685

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen-686
bin Ge, Sibo Song, Kai Dang, Peng Wang, Shijie687
Wang, Jun Tang, and 1 others. 2025. Qwen2. 5-vl688
technical report. arXiv preprint arXiv:2502.13923.689

Diego Biagini, Nassir Navab, and Azade Farshad. 2025.690
Hierasurg: Hierarchy-aware diffusion model for sur-691
gical video generation. In International Confer-692
ence on Medical Image Computing and Computer-693
Assisted Intervention, pages 310–319. Springer.694

Maxence Boels, Yang Liu, Prokar Dasgupta, Ale-695
jandro Granados, and Sebastien Ourselin. 2025a.696
Swag: long-term surgical workflow prediction with697
generative-based anticipation. International Journal698
of Computer Assisted Radiology and Surgery, pages699
1–11.700

Maxence Boels, Harry Robertshaw, Thomas C Booth,701
Prokar Dasgupta, Alejandro Granados, and Sebastien702
Ourselin. 2025b. Daril: When imitation learning703

outperforms reinforcement learning in surgical action 704
planning. arXiv preprint arXiv:2507.05011. 705

Andrei Z Broder. 1997. On the resemblance and con- 706
tainment of documents. In Proceedings. Compres- 707
sion and Complexity of SEQUENCES 1997 (Cat. No. 708
97TB100171), pages 21–29. IEEE. 709

Zhen Chen, Xingjian Luo, Jinlin Wu, Long Bai, Zhen 710
Lei, Hongliang Ren, Sebastien Ourselin, and Hong- 711
bin Liu. 2025. Surgplan++: Universal surgical phase 712
localization network for online and offline inference. 713
In 2025 IEEE International Conference on Robotics 714
and Automation (ICRA), pages 12782–12788. IEEE. 715

Jingtao Ding, Yunke Zhang, Yu Shang, Yuheng Zhang, 716
Zefang Zong, Jie Feng, Yuan Yuan, Hongyuan Su, 717
Nian Li, Nicholas Sukiennik, and 1 others. 2025. 718
Understanding world or predicting future? a compre- 719
hensive survey of world models. ACM Computing 720
Surveys, 58(3):1–38. 721

Junming Fan and Pai Zheng. 2024. A vision-language- 722
guided robotic action planning approach for ambigu- 723
ity mitigation in human–robot collaborative manufac- 724
turing. Journal of Manufacturing Systems, 74:1009– 725
1018. 726

Kristen Grauman, Andrew Westbury, Eugene Byrne, 727
Zachary Chavis, Antonino Furnari, Rohit Girdhar, 728
Jackson Hamburger, Hao Jiang, Miao Liu, Xingyu 729
Liu, and 1 others. 2022. Ego4d: Around the world 730
in 3,000 hours of egocentric video. In Proceedings 731
of the IEEE/CVF conference on computer vision and 732
pattern recognition, pages 18995–19012. 733

Songtao Jiang, Yuan Wang, Sibo Song, Tianxiang Hu, 734
Chenyi Zhou, Bin Pu, Yan Zhang, Zhibo Yang, Yang 735
Feng, Joey Tianyi Zhou, and 1 others. 2025. Hulu- 736
med: A transparent generalist model towards holis- 737
tic medical vision-language understanding. arXiv 738
preprint arXiv:2510.08668. 739

Maurice G Kendall. 1938. A new measure of rank 740
correlation. Biometrika, 30(1-2):81–93. 741

Florent Lalys and Pierre Jannin. 2014. Surgical process 742
modelling: a review. International journal of com- 743
puter assisted radiology and surgery, 9(3):495–511. 744

Joël L Lavanchy, Deepak Alapatt, Luca Sestini, Marko 745
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