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Figure 1. SurgCoT comprises 2,841 surgical videos across 7 specialties and 35 procedures, with 19,345 main questions and 59,177
sub-questions. SurgCoT advances beyond frame-level tasks (e.g., phase/tool recognition) by introducing a three-stage, five-tuple anno-
tation protocol (Question→Option→Knowledge→Clue→Answer) to scaffold chain-of-thought reasoning. The framework’s efficacy
stems from its multi-stage reasoning structure and the synergistic interaction between the Knowledge field, which supplies contextual
background, and the Clue field, which provides targeted spatiotemporal evidence, jointly enabling hierarchical reasoning.

Abstract

Fine-grained spatiotemporal reasoning on surgical videos001
is critical, yet the capabilities of Multi-modal Large002
Language Models (MLLMs) in this domain remain largely003
unexplored. To bridge this gap, we introduce SurgCoT, a004
unified benchmark for evaluating chain-of-thought (CoT)005
reasoning in MLLMs across 7 surgical specialties and006
35 diverse procedures. SurgCoT assesses five core rea-007
soning dimensions: Causal Action Ordering, Cue–Action008
Alignment, Affordance Mapping, Micro-Transition Local-009
ization, and Anomaly Onset Tracking, through a structured010
CoT framework with an intensive annotation protocol011
(Question→Option→Knowledge→Clue→Answer),012
where the Knowledge field provides essential background013

context and Clue provides definitive spatiotemporal 014
evidence. Evaluation of 10 leading MLLMs shows: 1) 015
commercial models outperform open-source and medical- 016
specialized variants; 2) significant gaps exist in surgical 017
CoT reasoning; 3) SurgCoT enables effective evaluation 018
and enhances progressive spatiotemporal reasoning. 019
SurgCoT provides a reproducible testbed to narrow the 020
gap between MLLM capabilities and clinical reasoning 021
demands. Code and data will be released. 022

1. Introduction 023

Surgical videos are a cornerstone of perioperative care and 024
education, rich with dynamic anatomical and procedural 025

1

REDACTED

REDACTED



data [32, 52]. The growing volume and complexity of this026
data make fine-grained spatiotemporal understanding criti-027
cal for clinical safety and efficiency [20]. In recent years,028
Multi-modal Large Language Models (MLLMs) have been029
adapted for surgical settings, enabling interactive analysis030
for tasks like surgical phase recognition [37, 44, 58], in-031
strument recognition [9, 18], tissue detection [9, 18], and032
surgery understanding [7, 11, 13]. This rapid progress, how-033
ever, creates a parallel need for robust evaluation frame-034
works to assess their true clinical utility.035

Surgical benchmarks fall into two categories: General-036
purpose benchmarks [37, 55], covering broad scenarios but037
emphasize generic question answering (e.g., phases, instru-038
ments) while specialized benchmarks [24, 54] focus on nar-039
row procedural domains (e.g., ophthalmic, endoscopic) but040
rely on frame/clip-level VQAs that treat videos as discrete041
segments, ignoring cross-temporal dependencies and fail-042
ing to evaluate spatiotemporal or causal reasoning [53, 59].043
In contrast, surgeons must track subtle, rapid spatiotempo-044
ral changes to support fine-grained inference and decision-045
making [30, 39]. A critical question remains: Can MLLMs046
achieve expert-level progressive spatiotemporal reasoning047
and causal judgment across diverse surgical contexts?048

To tackle this, we introduce SurgCoT (Fig. 1), a uni-049
fied surgical video benchmark for evaluating MLLMs under050
a chain-of-thought (CoT) reasoning framework. SurgCoT051
advances the field in two key aspects: 1) Comprehen-052
sive Task Coverage: Unlike prior benchmarks focused on053
narrow tasks [24, 45, 54] or generic queries [37, 53, 55],054
SurgCoT spans 35 procedures across 7 diverse special-055
ties, enabling broad and realistic assessment of expert-056
level cognitive reasoning. 2) In-depth Reasoning Dimen-057
sions: SurgCoT introduces 5 clinical-relevant reasoning058
dimensions (Causal Action Ordering, Cue-Action Align-059
ment, Affordance Mapping, Micro-Transition Localization,060
and Anomaly Onset & Tracking), reflecting critical cogni-061
tive processes in real world surgery. Collectively, these062
rich reasoning dimensions on diverse procedures enable063
a fine-grained evaluation of spatiotemporal understanding064
and clinical decision-making, closely mirroring actual sur-065
gical workflows.066

To enable CoT reasoning in surgical video under-067
standing, as shown in Fig. 1, we introduce a three-068
stage progressive reasoning framework (Q1→Q2→Q3)069
with a comprehensive five-tuple annotation protocol070
(Question→Option→Knowledge→Clue→Answer).071
The novelty is two-fold: 1) It establishes a hierarchical072
reasoning pathway progressing from video-level com-073
prehension through clip-level analysis to frame-level074
localization. As shown in Fig. 1, all five annotation tuples075
evolve through these stages, with each stage’s Answer076
serving as contextual evidence for the subsequent stage,077
forming a continuous reasoning chain. 2) It employs078

synergistic annotation strategies where the Knowledge 079
field provides clinically relevant background context based 080
on the Question and Option, while the Clue supplies 081
targeted spatiotemporal evidence extracted directly from 082
the surgical video content. This integrated design progres- 083
sively narrows both temporal and spatial scope, effectively 084
guiding MLLMs through structured hierarchical reasoning. 085

To validate its effectiveness as a unified spatiotempo- 086
ral reasoning benchmark, we systematically evaluate 12 087
state-of-the-art MLLMs across diverse surgical procedures 088
within a CoT framework, including open-source [23, 31, 089
46, 50], medically specialized [5, 38, 51], and commercial 090
variants [2, 10, 33]. Results show that while commercial 091
models lead their counterparts, all models exhibit signifi- 092
cant limitations in fine-grained spatiotemporal understand- 093
ing. Notably, by utilizing the three-stage progressive rea- 094
soning framework with five-tuple annotation protocol, con- 095
siderable accuracy improvements could be achieved, indi- 096
cating a viable path toward enhanced reasoning capability. 097
SurgCoT provides a reproducible foundation for method- 098
ological development and equitable evaluation in whole- 099
body surgical video analysis, underscoring both the current 100
progress and the considerable gap remaining to clinical- 101
level reasoning. 102

Our contributions are three-fold: 1) We introduce 103
SurgCoT, the first surgical video reasoning benchmark 104
offering cross-specialty procedural coverage and a five- 105
dimensional evaluation framework for fine-grained assess- 106
ment of spatiotemporal understanding and clinical decision- 107
making aligned with surgical workflows. 2) We propose 108
a novel three-stage reasoning framework with a five-tuple 109
annotation protocol, combining hierarchical video-to-frame 110
localization with synergistic Knowledge/Clue annota- 111
tions to enable structured CoT reasoning. 3) Our evaluation 112
of 12 leading MLLMs reveals that significant gaps persist in 113
surgical CoT reasoning, while SurgCoT effectively enables 114
progressive spatiotemporal reasoning evaluation. 115

2. Related Work 116

Multi-Modal Large Language Models. MLLMs have 117
achieved notable performance on complex vision-language 118
tasks through large-scale pretraining and instruction tun- 119
ing. Initial joint-encoder models such as BLIP [25, 26] 120
and Flamingo [1] connected visual encoders with cross- 121
attention layers for multimodal fusion. Subsequent autore- 122
gressive MLLMs like LLaVA [28] tokenize images as visual 123
prompts for LLM conditioning, showing strong few-shot 124
generalization. Recent models such as Qwen-VL [46] and 125
InternVL [8] scale visual backbones and alignment meth- 126
ods, approaching the performance of proprietary systems 127
like GPT-4o [19]. Video-language models such as Video- 128
LLaVA [27] further improve temporal modeling, offering a 129
suitable substrate for surgical video analysis. 130

2

REDACTED



Table 1. Comparison of surgical benchmarks. Our SurgCoT uniquely spans 7 surgical specialties with multi-level annotations (video/-
clip/frame), supporting hierarchical spatiotemporal reasoning with localization supervision and clinician-derived reference standards.

Benchmark Domain #Spe. #Pro. Scale Unit ST Pro. Loc. Clin.

Surgical-VQA [36](MICCAI’21) Endoscope ∼ 3 11.8K Frame ✗ ✗ ✓ ✓

EndoVis-VQLA [3](ICRA’23) Endoscope ∼ 1 9.5K Frame ✗ ✗ ✓ ✓

Endo-FM [48](MICCAI’23) Endoscope ∼ 2 33K+50K Clip/Frame ✗ ✗ ✓ ✓

CoPESD [42](arXiv’24) Endoscope ∼ 1 17.7K Frame ✗ ✓ ✓ ✓

SurVLP [54](MedIA’25) Endoscope ∼ 11 25.5K Frame ✗ ✗ ✗ ✗

Surg-3M [4](arXiv’25) Endoscope ∼ 35 30K Frame ✗ ✗ ✗ ✗

Surg-396K [43](MIA’26) Endoscope 3 3 396K Frame ✗ ✗ ✓ ✓

Cholec80-VQA [36](MICCAI’22) Laparoscopic 1 1 43K Frame ✗ ✗ ✗ ✓

GSViT [35](arXiv’24) Laparoscopic 1 28 7000K Frame ✗ ✗ ✗ ✗

GenSurg+ [15](arXiv’24) Laparoscopic 2 28 17K Clip ✗ ✗ ✗ ✗

MedVidQA [12](BioNLP@ACL’24) Instructional ∼ ∼ 1.2K Clip ✗ ✗ ✗ ✓

Surg-QA [24](arXiv’24) Instructional ∼ ∼ 10.2K Video ✗ ✗ ✗ ✗

M 3-Med [29](arXiv’25) Instructional ∼ ∼ 3.7K Clip ✗ ✗ ✗ ✓

OphNet [16](ECCV’24) Ophthalmic 1 ∼ 14K Video ✗ ✓ ✓ ✓

OphVL [17](arXiv’24) Ophthalmic 1 ∼ 375K Clip ✗ ✗ ✗ ✓

EyePCR [45]((arXiv’25) Ophthalmic 1 ∼ 210K Clip/Frame ✗ ✓ ✗ ✓

PSI-AVA-VQA [37](MICCAI’23) Generalist 1 1 10.3K Frame ✗ ✗ ✓ ✓

SSG-VQA [55](IJCARS’24) Generalist 1 1 960K Frame ✗ ✗ ✓ ✓

SurgVLM-Bench [56](arXiv’25) Generalist 4 16 7798.4K Frame ✗ ✓ ✓ ✗

MedFrameQA [53](arXiv’25) Generalist 9 ∼ 3.4K Multi-Frame ✓ ✗ ✗ ✓

SurgBench [49](arXiv’25) Generalist 11 22 23K+5300K Clip/Frame ✗ ✗ ✓ ✓

SurgCoT(Ours) Generalist 7 35 2.8K+19K+19K Video/Clip/Frame ✓ ✓ ✓ ✓

#Spe.: #Specialties; #Pro.:#Procedures; ST: Spatiotemporal modeling; Pro.: Progressive reasoning protocol; Loc.: Localization supervision
(caption/bbox/mask/timestamps/tracks.); Clin.: Clinicians as a reference standard. ✓: yes, ✗: no, ∼: unknown.

In the medical domain, MLLM adaptation has pro-131
gressed through specialized pretraining and instruction tun-132
ing, e.g., LLaVA-Med [21] leverage biomedical corpora to133
enhance visual diagnostic capabilities, while HuatuoGPT-134
Vision [5] introduces large-scale medical VQA datasets for135
knowledge injection. Retrieval-augmented approaches such136
as MedDr [14] further strengthen factual grounding through137
external knowledge bases. Surgical-specific MLLMs in-138
cluding SurgicalGPT [37] and Surgical-LVLM [41] have139
demonstrated promising results in operative tasks like phase140
recognition and report generation. However, current eval-141
uations remain confined to narrow tasks and short video142
segments, leaving fine-grained spatiotemporal reasoning143
largely unexamined [53, 59]. This limitation underscores144
the need for unified benchmarks capable of assessing145
expert-level reasoning in realistic surgical workflows.146

Benchmarks for Surgical MLLMs. Table 1 summa-147
rizes the landscape of surgical benchmarks. Early works148
including SurgicalVQA and Cholec80-VQA [36] establish149
foundational protocols, while subsequent efforts like SSG-150
VQA [55] extend to complex laparoscopic scenarios with151
enhanced geometric and procedural analysis. Specialized152
benchmarks (e.g., EndoVis-VQLA [3] and CoPESD [42])153

focus on tool analysis and localization within narrow pro- 154
cedural contexts, but with limited generalization. To ad- 155
dress single-specialty constraints, cross-specialty bench- 156
marks have emerged: SurgVLM-Bench [56] covers 16 pro- 157
cedures across 4 specialties with hierarchical knowledge or- 158
ganization, and SurgBench [49] spans 22 procedures over 159
11 specialties. MedFrameQA [53] pioneers spatiotempo- 160
ral modeling via cross-frame reasoning but lacks scale and 161
fine-grained localization. SurgCoT bridges this gap by 162
unifying spatiotemporal reasoning, hierarchical knowledge, 163
and localization supervision in a clinically validated frame- 164
work, establishing a comprehensive evaluation baseline for 165
surgical MLLMs under CoT reasoning. 166

3. Construction of SurgCoT Benchmark 167

Fig. 2 outlines the benchmark construction pipeline with 168
expert oversight at each stage: 1) Data Processing with 169
multi-source video curation, hierarchical segmentation, and 170
evidence mining; 2) Three-Stage Progressive Reasoning 171
with five-tuple annotation protocol; 3) VQA Generation 172
producing 78,522 QA pairs via structured task templates 173
and ontology-driven design; 4) Quality Control via dual- 174
pass validation and multi-criteria verification. 175
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Figure 2. Construction pipeline of SurgCoT benchmark.

3.1. Data Processing176

Data Collection. Our benchmark is constructed from177
a multi-source surgical video collection systematically or-178
ganized across seven clinical specialties: Colorectal, Uro-179
logical, Upper Gastrointestinal (Upper GI), Ocular, Gyne-180
cologic, General Surgery (GenSurgery) and Hepatobiliary-181
Pancreatic (HPB). The dataset integrates public platform182
content (e.g., YouTube, ASVIDE), ten open-source repos-183
itories, and proprietary clinical archives, yielding 8,917 ini-184
tial surgical cases. Following standardized filtration priori-185
tizing procedural completeness, clinical validity, and bilin-186
gual narration for temporal alignment, 2,841 high-quality187
videos (31.9% of original corpus) were retained. All data188
were rigorously de-identified in compliance with ethical189
standards, with extended analyses available in Appendix.190

Clip and Standardization. Surgical videos are pro-191
cessed into standardized clips to enable fine-grained spa-192
tiotemporal reasoning: 1) Multi-source segmentation uses193
hierarchical cue fusion (visual scenes, tool/tissue transi-194
tions, and ASR anchors) to create semantically coher-195
ent segments; 2) ASR alignment produces millisecond-196
precise, temporally consistent captions without altering197
medical content; 3) Ontology-driven normalization maps198
surface terms to canonical entities using a controlled vocab-199
ulary, ensuring terminological consistency while preserv-200
ing original captions. This workflow guarantees temporally201
aligned and semantically standardized clips.202

Evidence Mining. We retain public dataset annotations203

and introduce an end-to-end evidence mining paradigm to 204
convert unannotated clips into spatiotemporally-grounded 205
supervision units. 1) The pipeline utilizes ASR captions 206
as semantic anchors, performs ontology-driven terminology 207
normalization to create lexical-canonical mappings, and an- 208
notates Procedures and Phases by merging semanti- 209
cally consistent sentence windows. 2) Spatial evidence 210
is constructed through frame-wise Tissue detection by 211
YOLOv10 [40] and Tool segmentation by SAM2 [34], 212
with cross-frame tracking via ByteTrack [57]. 3) Tempo- 213
ral evidence is extracted by detecting Action onsets from 214
appearance-change indicators, using minimal visual cues 215
as frame-level anchors. Anomalies are annotated with 216
tracks specifying onset time and minimal ROIs. All evi- 217
dence is bidirectionally aligned with ASR timestamps, with 218
caption windows split at event boundaries while preserv- 219
ing original timing. The generated annotations integrate 220
Procedure/Phase captions, Tool masks, Tissue 221
bounding boxes, and Action/Anomaly tracks, enabling 222
progressive spatiotemporal reasoning through three-stage 223
window narrowing and region-to-interface grounding for 224
comprehensive VQA evaluation. 225

3.2. Three-Stage Progressive Reasoning with Five- 226
Tuple Annotation Protocol 227

To enable structured, verifiable CoT reasoning in 228
surgical video understanding, we introduce a three- 229
stage progressive reasoning framework (Q1→Q2→Q3) 230
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with a comprehensive five-tuple annotation protocol231
(Question→Option→Knowledge→Clue→Answer).232

Five-Tuple Annotation Protocol. For each stage, we233
annotate five fields to collectively enable explicit, verifi-234
able reasoning. Question: A clinically meaningful query235
aligned with surgical workflow; Option: Curated, mu-236
tually exclusive candidates designed to disambiguate sim-237
ilar phenomena (e.g., tool reflections vs. true bleeding)238
and constrain the hypothesis space; Knowledge: Provides239
domain priors (e.g., color/flow patterns, typical anatomy,240
device behavior) that explain clinical plausibility indepen-241
dent of video content; Clue: Supplies video-grounded ev-242
idence (e.g., temporal windows, spatial ROIs, landmarks)243
that directs attention to case-specific diagnostic anchors;244
Answer: the adjudicated target. Critically, Answer is245
carried forward as conditioning context for the next stage,246
enforcing causal dependency and spatiotemporal narrow-247
ing. Serializing Knowledge and Clue before Answer248
encourages a “reason-then-decide” pattern: Knowledge249
supplies clinical “why,” while Clue anchors “where/when,”250
yielding a transparent, video-grounded chain of thought.251

Three Stages of Progressive Reasoning. The frame-252
work operationalizes clinical reasoning by decomposing253
complex spatiotemporal diagnostics into three hierarchi-254
cally interdependent stages, progressively focusing sub-255
problems while conditioning each stage on validated ev-256
idence from its predecessor. Q1. Video-Level Compre-257
hension: identifies high-level clinical events (e.g., “active258
bleeding present?”) across the surgical video, establishing259
a global hypothesis space by determining whether a target260
phenomenon occurs. Its output constrains the reasoning261
trajectory and provides the primary conditioning signal for262
subsequent stages. Q2. Video-Level Comprehension: op-263
erates under Q1’s validated output, performing spatiotem-264
poral localization by determining when a target event (e.g.,265
active bleeding) first emerges within a bounded temporal266
window and where it occurs at region-of-interest granular-267
ity. This process prunes the hypothesis space from video-268
level to a focused spatiotemporal segment, providing tem-269
poral anchors and spatial regions-of-interest for the next270
stage. Q3. Frame-/Patch-Level Localization: strictly con-271
ditioned on Q2’s spatiotemporal bounds, requiring precise,272
fine-grained localization of exact onset frames and anatom-273
ical sites (e.g., suture hole vs. adjacent tissue) with pixel-274
/bbox-level precision. Its output enables detailed auditabil-275
ity and provides supervision for downstream tasks. The cas-276
cading framework ensures each reasoning step is grounded277
in validated prior evidence, enforcing logical coherence and278
traceability throughout the diagnostic workflow.279

Progressive Conditioning Reasoning Chain. We es-280
tablish a rigorous context-carry mechanism, which enforces281
explicit logical dependencies across three refined reasoning282
stages, with each stage building strictly upon its predeces-283

sor’s validated constraints: 284

(Q1, O1, K1, C1)︸ ︷︷ ︸
Global Video Comprehension

⇒ A1

→ (Q2, O2, K2, C2, A1)︸ ︷︷ ︸
Conditioned Clip Analysis

⇒ A2

→ (Q3, O3, K3, C3, A2)︸ ︷︷ ︸
Fine-grained Frame Localization

⇒ A3.

285

The chain operates through three critical dependency mech- 286
anisms: 1) Semantic Constraint Propagation: Each 287
stage’s output forms an immutable foundation for the next. 288
For instance, if Q1 confirms “active bleeding present,” 289
Q2 must proceed within this context without reconsidera- 290
tion, ensuring logical consistency and narrative coherence. 291
2) Spatiotemporal Scope Refinement: The analysis scope 292
narrows progressively. Q1 processes the full video (min- 293
utes), Q2 focuses on relevant clips (seconds-minutes), and 294
Q3 zooms into critical frames (sub-second) and anatomi- 295
cal regions (pixel/bbox level), mirroring the clinical work- 296
flow of identifying and then localizing abnormalities. 3) 297
Evidence Accumulation and Validation: Knowledge 298
evolves from general anatomy (K1) to lesion-specific de- 299
tails (K3), while clues progress from temporal landmarks 300
(C1) to spatial regions (C2) and pixel-level evidence (C3), 301
reflecting increasing diagnostic certainty. 302

This design enforces a strict chain of dependencies for 303
diagnostic decisions. For instance, a surgical recommen- 304
dation (A3) must be grounded in a confirmed lesion lo- 305
cation (A2), which itself requires established pathology 306
(A1). This creates an auditable trail that mirrors clinical 307
reasoning, ensuring treatment is justified by diagnostic evi- 308
dence. The process guarantees progressively decreasing un- 309
certainty and evaluates both diagnostic accuracy and adher- 310
ence to the required logical progression. 311

3.3. VQA Generation: Five Critical Dimensions 312

With clinical experts, we define five spatiotemporal rea- 313
soning tasks to investigate deep cognitive processes. Each 314
task uses the three-stage framework (Sec. 3.2) to generate 315
ontology-driven VQA pairs containing spatial, temporal, 316
and semantic distractors. This yields the SurgCoT bench- 317
mark, comprising 19,345 main and 59,177 sub-questions, 318
for evaluating hierarchical reasoning in surgical videos. 319
Causal Action Ordering (CAO). This task determines 320
the causal sequence of surgical micro-actions by using min- 321
imal visual evidence and fine-grained spatiotemporal cues 322
(e.g., action onset, interface-level ROIs) to enable verifiable 323
rationale inference. Example: Q: In cholecystectomy, which 324
occurs first: clip placement or scissor division? A: Clip 325
placement precedes and enables subsequent division. 326
Cue-Action Alignment (CAA). CAA aligns pre-action 327
cues with micro-actions to pinpoint action initiation in time 328
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and space, thus disambiguating intent from execution and329
providing verifiable onset anchors, a critical capability for330
surgical video reasoning. Example: Q: When does visible331
execution first begin? A: Around t = 425s, initiating at the332
hook–peritoneum interface over Calot’s triangle.333

Affordance Mapping (AM). AM formalizes tool–tissue334
interactions by grounding them with spatiotemporal evi-335
dence and modeling their relationships, enabling progres-336
sive reasoning from coarse recognition to fine-grained lo-337
calization. Example: Q: Identify the first affordance event338
that improves exposure. A: uterine suspension at the ante-339
rior serosal needle entry (∼485s).340

Micro-Transition Localization (MTL). MTL identifies341
frame-level boundaries between micro-phases using mini-342
mal visual evidence, providing verifiable spatiotemporal ev-343
idence of transitions to enable fine-grained temporal reason-344
ing. Example: Q: At what moment does the micro-phase345
shift from positioning to dissection? A: At ≈312s, when346
the hook–peritoneum interface over Calot’s triangle first in-347
cises and tents the peritoneal layer.348

Anomaly Onset Tracking (AOT). AOT identifies the349
onset and early trajectory of surgical anomalies, provid-350
ing precise spatiotemporal localization to enable evidence-351
based detection and assessment of workflow deviations. Ex-352
ample: Q: Can you precisely localize the anomaly onset353
in this clip? A: At 647.0s, Spatial: [540, 420, 80, 60],354
where bleeding first appears at the cystic artery stump be-355
fore tracking its spread until hemostasis.356

These five dimensions form a cohesive framework for357
surgical reasoning assessment: CAO establishes causal358
logic; CAA anchors intent to execution; AM grounds inter-359
actions physically; MLT tracks micro-scale progressions;360
and AOT monitors pathway deviations. Together, they en-361
able holistic evaluation from normative workflow reasoning362
(CAO, CAA, AM, MTL) to abnormal scenario handling363
(AOT) within a unified paradigm.364

3.4. Quality Control Protocol365

The protocol integrates expert validation with multi-criteria366
verification via a dual-pass human-in-the-loop process. Au-367
tomated structural validation ensures schema integrity and368
logical consistency (e.g., temporal/spatial progression, no369
answer leakage), while dual-annotator content validation370
with expert adjudication verifies task dependency, rationale371
verifiability, and ontology compliance. The protocol ad-372
dresses four quality dimensions: Consistency (schema/logic373
checks), Balance (class-wise quotas), Visibility (obstruction374
tagging for difficulty filtering), and Statistical Reliability375
(inter-rater agreement metrics and acceptance thresholds).376
Disagreements are resolved by majority voting, with incon-377
sistent samples discarded to ensure robust annotation.378

Figure 3. Statistics of SurgCoT: 2,841 videos, 19,345 questions,
and 59,177 sub-questions across 35 procedures and 7 specialties.

3.5. Dataset Statistics 379

SurgCoT contains 2,841 surgical videos across 35 proce- 380
dures in 7 specialties (Fig. 3), covering abdominal, pelvic, 381
and ophthalmic surgeries. The benchmark includes 19,345 382
main questions and 59,177 sub-questions, averaging 7 main 383
and 21 sub-questions per video. Question distribution 384
aligns with specialty coverage, ensuring balanced supervi- 385
sion density while maintaining a long-tail of rare procedures 386
to evaluate both common and uncommon workflows. 387

4. Experimental Results 388

4.1. Experimental Setup 389

Evaluated Models. We evaluate 10 MLLMs: Com- 390
mercial models include GPT-5 [33], Claude-Sonnet- 391
4.5 [2], and Gemini-2.5-Pro [10], serving as leading 392
multimodal baselines with strong performance on di- 393
verse vision-language tasks; Open-source models include 394
Qwen2.5-VL-7B, Qwen3-VL-8B [50] and Intern3.5-VL- 395
8B [47]; Med-specialized models include MedGemma- 396
27B-IT [38], Lingshu-7B [51], LLaVA-Med-7B [22], and 397
HuatuoGPT-Vision-7B [6]. We use accuracy as the primary 398
evaluation metric. 399
Evaluation Protocol. We design a three-stage protocol 400
to systematically assess MLLMs’ CoT reasoning capabili- 401
ties: 1) Baseline: (BL): Models receive only the surgical 402
video and main question, evaluating end-to-end reasoning 403
without guidance. 2) Knowledge-Enhanced (KE): Adds 404
clinical background knowledge; models answer both main 405
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Table 2. Evaluation of 10 MLLMs across five clinical reasoning tasks under progressive settings (BL→KE→FC) shows: 1) commercial
models outperform open-source and medical-specialized counterparts, and 2) the five-tuple annotation protocol improves reasoning accu-
racy under both (KE) and (FC) settings. Best results in bold, second-best underlined.

Model CAO. (%) ↑ CAA. (%) ↑ AM. (%) ↑ MTL.(%) ↑ AOT. (%) ↑ Avg. (%) ↑
BL KE FC BL KE FC BL KE FC BL KE FC BL KE FC BL KE FC

C
om

. GPT-5 [33] 85.07 91.56 94.79 80.99 85.29 90.64 78.97 77.67 82.34 69.14 81.63 86.71 68.95 66.53 78.23 76.62 80.54 87.58
Gemini-2.5-Pro [10] 89.66 93.99 96.92 77.97 76.75 84.62 60.31 73.20 86.55 69.82 82.73 84.05 52.32 76.48 80.85 70.02 81.83 87.20
claude-sonnect-4.5 [2] 92.81 97.99 98.33 83.66 86.46 89.12 59.80 68.10 87.51 79.49 72.45 86.39 54.74 67.35 75.34 74.10 78.87 87.54

M
ed

ic
al

MedGemma-27B-IT [38] 83.67 94.99 96.99 74.02 81.28 86.49 73.39 70.83 79.26 72.69 75.54 85.60 51.02 59.27 80.52 70.96 76.37 86.37
Lingshu-7B [51] 86.68 97.24 97.50 65.83 64.57 72.27 49.06 53.98 63.50 65.12 68.99 73.84 50.46 62.46 67.64 63.43 69.45 74.95
LLaVA-Med-7B [22] 89.95 96.93 97.50 66.10 72.34 71.52 62.29 74.68 76.16 71.43 81.84 88.67 50.97 47.25 74.81 68.15 75.22 81.73
HuatuoGPT-Vision-7B [6] 78.47 80.53 88.74 68.28 65.91 73.24 67.24 68.63 81.37 72.53 72.69 87.37 63.89 68.21 77.95 70.08 71.19 83.73

O
pe

n. InternVL-8B [8] 90.72 94.17 97.53 70.08 73.88 82.75 59.12 59.45 68.46 68.35 69.52 84.85 51.46 65.90 76.03 67.95 73.58 82.32
Qwen2.5-VL-7B [46] 84.42 87.17 98.98 65.64 68.77 83.56 60.95 66.78 68.41 76.59 83.40 85.02 56.64 49.97 61.30 68.85 71.22 79.45
Qwen3-VL-8B [50] 87.96 92.69 96.77 75.51 87.42 91.57 60.67 66.75 73.30 74.07 76.10 83.30 79.00 77.46 86.68 75.44 81.48 86.92

and sub-questions (Q1, Q2, Q3), evaluate if Knowledge406
aids progressive reasoning. 3) Full-Context (FC): Provides407
full annotation support (Video, Knowledge and Clue)408
evaluating the comprehensive diagnostic capability with409
complete reasoning scaffolds.410
Implementation Details. We adopt unified prompts and411
decoding settings: a zero-shot template with fixed decoding412
parameters, including temperature = 0.0, top p = 1.0,413
max new tokens = 4096, and repetition penalty = 1.0;414
sampling retries are disabled. API-hosted models are in-415
voked with these parameters, while local open-source mod-416
els are run with Torch 2.9.0 and Transformers417
4.57.1 on CUDA 12.4, using bf16 inference on418
NVIDIA A100 80 GB × 8 GPUs.419

4.2. Evaluation of MLLMs420

Table 2 summarizes the evaluation of 10 leading MLLMs,421
revealing four key observations.422
Commercial Models Lead Peers. As demonstrated in423
Table 2, commercial models consistently achieve superior424
performance compared to both open-source and medically-425
specialized counterparts across all five clinical reasoning426
dimensions. Leading commercial systems including GPT-427
5 [33], claude-sonnect-4.5 [2], and Gemini-2.5-Pro [10]428
demonstrate particularly strong capabilities in progressive429
reasoning scenarios (BL → KE → FC), i.e., there is a430
stable performance progression as additional knowledge431
elements (KE) and spatiotemporal constraints (FC) are432
introduced. GPT-5 [33], for instance, shows consistent433
performance gains across all task categories (on average434
+10.96%), while Claude-Sonnet-4.5 [2] demonstrates no-435
table improvements in fine-grained decision-making tasks436
such as AOT (+20.60%) and AM (+27.71%). Conversely,437
open-source and medically specialized models display sig-438
nificant limitations in tasks requiring precise temporal and439
spatial reasoning, particularly struggling with the integra-440
tion of multi-modal information sources.441
Five-Tuple Annotation Protocol Boosts Accuracy.442
Medical-specific models such as LLaVA-Med-7B [22]443

Table 3. Sub-question accuracy under progressive reasoning
settings (BL→KE→FC). Evaluation reveals: 1) MLLMs show
chain-of-thought reasoning gaps, with performance dropping at
intermediate steps; 2) SurgCoT’s structured framework supports
progressive reasoning, yielding gains under KE/FC settings. Best
results in bold, second-best underlined.

Model BL KE FC

Q Q Q1 Q2 Q3 Q Q1 Q2 Q3

C
om

. GPT-5 [33] 76.62 80.54 54.71 55.85 47.60 87.58 56.12 56.15 50.51
Gemini-2.5-Pro [10] 70.02 81.83 34.15 44.04 43.06 87.20 35.85 34.02 52.32
Claude-Sonnect-4.5 [2] 74.10 78.87 49.38 41.42 36.50 87.54 53.04 34.85 30.44

M
ed

ic
al

MedGemma-27B-IT [38] 70.96 76.37 54.82 56.75 76.25 86.37 61.29 71.25 70.42
Lingshu-7B [51] 63.43 69.45 36.06 47.93 43.53 74.95 48.36 58.58 56.52
LLaVA-Med-7B [22] 68.15 75.22 31.71 36.65 36.46 81.73 34.40 39.75 37.57
HuatuoGPT-Vision-7B [6] 70.08 71.19 69.97 67.69 55.62 83.73 72.13 70.31 69.00

O
pe

n Qwen3-VL-8B [50] 75.44 81.48 72.90 51.00 73.04 86.92 74.75 67.49 70.98
Qwen2.5-VL-7B [46] 68.85 71.22 31.85 27.02 25.33 79.45 38.14 29.87 36.80
InternVL-8B [8] 67.95 73.58 67.80 65.79 48.86 82.32 64.89 55.28 51.63

exhibit substantial performance gains when transitioning 444
from BL to KE, with an average accuracy improvement 445
of nearly 7% across the five reasoning dimensions. This 446
pronounced improvement indicates that explicit knowledge 447
augmentation effectively compensates for domain-specific 448
limitations. In contrast, commercial models like GPT-5 [33] 449
show more moderate improvements (nearly 4%), suggest- 450
ing their stronger inherent language reasoning capabilities 451
allow for more seamless knowledge integration. 452

The transition from KE to FC further demonstrates 453
the critical importance of spatiotemporal grounding, e.g., 454
Qwen2.5-VL-7B [50] showed a notable 8.23% increase, 455
highlighting its enhanced ability to utilize temporal and spa- 456
tial clues for refined reasoning. Similarly, Claude-Sonnet- 457
4.5 [2], despite strong baseline performance (BL = 74.10%), 458
improved by approximately 13.44% with spatiotemporal 459
clues, underscoring its advanced capacity for multimodal 460
fusion. These observations collectively validate that the 461
five-tuple annotation framework enables progressive spa- 462
tiotemporal reasoning through structured cue enhancement 463
across three reasoning settings: BL, KE, and FC. 464
MLLMs Demonstrate Limitations in CoT Reasoning 465
To systematically evaluate CoT’s reasoning capabilities, we 466
analyze MLLM’s performance across the three progressive 467

7

REDACTED



Figure 4. SurgCoT constructs a diagnostic chain-of-thought by progressively decomposing a flawed baseline (BL) into clinical sub-
questions, correcting semantics with knowledge (KE), and refining evidence with spatiotemporal clues (FC).

reasoning stages (Q1, Q2, Q3) that form the foundational468
substructure of each main question (Q). As quantified in Ta-469
ble 3, a pronounced performance dissociation emerges be-470
tween main question accuracy and sub-question proficiency,471
revealing fundamental limitations in progressive reasoning.472

Notably, GPT-5 [33] achieves 76.62% accuracy on main473
questions (Q) but exhibits a substantial performance degra-474
dation in sub-questions, dropping to 47.60% in Q3. This475
pattern is consistently observed across other leading com-476
mercial models, including Gemini-2.5-Pro [10] and Claude-477
Sonnet-4.5 [2]. Open-source models such as Qwen2.5-VL-478
7B [50] demonstrate even more pronounced deficiencies,479
particularly in the initial (Q1) and final (Q3) sub-questions,480
underscoring their limited capacity for coherent multi-step481
inference. These observations collectively highlight a criti-482
cal gap in current MLLMs’ ability to sustain logically con-483
sistent reasoning chains, a capability essential for reliable484
clinical decision-making where each diagnostic step must485
follow rigorously from preceding evidence.486

SurgCoT Enables CoT Reasoning SurgCoT facilitates487
surgical CoT reasoning by decomposing tasks into clinical488
sub-questions (Q1→Q2→Q3) and progressively integrating489
knowledge (KE) and spatiotemporal clues (FC) to guide490
progressive, transparent inference. As shown in Table 3, the491
introduction of Knowledge Enhancement (KE) yields sub-492
stantial improvements in sub-question performance across493
diverse model architectures. For instance, LLaVA-Med-494
7B [22] demonstrates a notable accuracy increase in main495
Q from 68.15% to 75.22% when transitioning from BL496
to KE. The subsequent integration of spatiotemporal clues497

(FC) further elevates performance, particularly in stages re- 498
quiring fine-grained temporal and spatial analysis (Q2, Q3), 499
where models must ground their reasoning in concrete vi- 500
sual evidence. 501

Fig. 4 illustrates a typical case when Knowledge and 502
Clue are gradually introduced, the model refines its rea- 503
soning process, correcting initial mistakes and arriving at 504
the correct answer. In Fig. 4(1), the model’s response is 505
based solely on clinical knowledge from pretraining, with- 506
out effectively integrating the video content. Fig. 4(2) ex- 507
pands the model’s reasoning process, but significant errors 508
and deviations remain. Fig. 4(3) shows that after adding 509
Knowledge, the model adjusts its reasoning to produce a 510
more accurate answer. Finally, Fig. 4(4) shows that added 511
Clues further improve performance, highlighting the ben- 512
efits of SurgCoT for enhancing progressive reasoning. 513

5. Conclusion 514

SurgCoT introduces a unified benchmark for evaluat- 515
ing surgical reasoning in MLLMs via a chain-of-thought 516
framework, combining multi-specialty coverage with fine- 517
grained reasoning tasks through a three-stage, five-tuple 518
annotation protocol. Evaluation of 12 leading MLLMs 519
shows commercial models lead overall but all exhibit sig- 520
nificant gaps in progressive reasoning, i.e., often answer- 521
ing correctly while failing intermediate reasoning steps. 522
SurgCoT not only exposes these limitations but also pro- 523
vides a scaffold for improvement through structured rea- 524
soning and spatiotemporal grounding, establishing a foun- 525
dation for clinically-validated MLLMs. 526

8

REDACTED



References527

[1] Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine528
Miech, Iain Barr, Yana Hasson, Karel Lenc, Arthur Mensch,529
Katherine Millican, Malcolm Reynolds, et al. Flamingo: a530
visual language model for few-shot learning. Advances in531
Neural Information Processing Systems, 35:23716–23736,532
2022. 2533

[2] Anthropic. Introducing claude sonnet 4.5. https://534
www.anthropic.com/news/claude-sonnet-4-535
5, 2025. Accessed: 2025-11-09. 2, 6, 7, 8536

[3] Long Bai, Mobarakol Islam, Lalithkumar Seenivasan,537
and Hongliang Ren. Surgical-vqla: Transformer with538
gated vision-language embedding for visual question539
localized-answering in robotic surgery. arXiv preprint540
arXiv:2305.11692, 2023. 3541

[4] Chengan Che, Chao Wang, Tom Vercauteren, Sophia Tsoka,542
and Luis C Garcia-Peraza-Herrera. Surg-3m: A dataset and543
foundation model for perception in surgical settings. arXiv544
preprint arXiv:2503.19740, 2025. 3545

[5] Junying Chen, Chi Gui, Ruyi Ouyang, Anningzhe Gao, Shu-546
nian Chen, Guiming Hardy Chen, Xidong Wang, Ruifei547
Zhang, Zhenyang Cai, Ke Ji, et al. Huatuogpt-vision, to-548
wards injecting medical visual knowledge into multimodal549
llms at scale. arXiv preprint arXiv:2406.19280, 2024. 2, 3550

[6] Junying Chen, Chi Gui, Ruyi Ouyang, Anningzhe Gao, Shu-551
nian Chen, Guiming Hardy Chen, Xidong Wang, Ruifei552
Zhang, Zhenyang Cai, Ke Ji, et al. Huatuogpt-vision, to-553
wards injecting medical visual knowledge into multimodal554
llms at scale. arXiv preprint arXiv:2406.19280, 2024. 6, 7555

[7] Zhen Chen, Xingjian Luo, Jinlin Wu, Danny Chan, Zhen Lei,556
Jinqiao Wang, Sebastien Ourselin, and Hongbin Liu. Vs-557
assistant: versatile surgery assistant on the demand of sur-558
geons. arXiv preprint arXiv:2405.08272, 2024. 2559

[8] Zhe Chen, Jiannan Wu, Wenhai Wang, Weijie Su, Guo Chen,560
Sen Xing, Muyan Zhong, Qinglong Zhang, Xizhou Zhu,561
Lewei Lu, Bin Li, Ping Luo, Tong Lu, Yu Qiao, and Jifeng562
Dai. Internvl: Scaling up vision foundation models and563
aligning for generic visual-linguistic tasks. In Proceedings564
of the IEEE/CVF Conference on Computer Vision and Pat-565
tern Recognition (CVPR), pages 23904–23915, 2024. 2, 7566

[9] Zhen Chen, Xingjian Luo, Kun Yuan, Jinlin Wu, Danny567
Chan, Nassir Navab, Hongbin Liu, Zhen Lei, and Jiebo Luo.568
Surgllm: A versatile large multimodal model with spatial fo-569
cus and temporal awareness for surgical video understand-570
ing. arXiv preprint arXiv:2509.00357, 2025. 2571

[10] Google DeepMind. Gemini 1.5: Scaling up multimodal572
reasoning, 2024. https://deepmind.google/573
technologies/gemini/. 2, 6, 7, 8574

[11] Xuan Gong, Balu Harshavardan Koduru, Yuanhao Zhai,575
Shun Liu, Nan Xi, Xi Tang, Yuan Zhang, Tenzin Lhakpa,576
Yunjie Tian, Yuxuan Sun, et al. Endoassistant: A large-scale577
vision-language dataset for endoscopic surgery understand-578
ing from open-source videos. 2579

[12] Deepak Gupta and Dina Demner-Fushman. Overview of580
the medvidqa 2022 shared task on medical video question-581
answering. In Proceedings of the 21st Workshop on Biomed-582
ical Language Processing, pages 264–274, 2022. 3583

[13] Pengfei Hao, Shuaibo Li, Hongqiu Wang, Zhizhuo Kou, Jun- 584
hang Zhang, Guang Yang, and Lei Zhu. Surgery-r1: Ad- 585
vancing surgical-vqla with reasoning multimodal large lan- 586
guage model via reinforcement learning. arXiv preprint 587
arXiv:2506.19469, 2025. 2 588

[14] Sunan He, Yuxiang Nie, Zhixuan Chen, Zhiyuan Cai, 589
Hongmei Wang, Shu Yang, and Hao Chen. Meddr: 590
Diagnosis-guided bootstrapping for large-scale medical 591
vision-language learning. CoRR, 2024. 3 592

[15] Mohammadmahdi Honarmand, Muhammad Abdullah Ja- 593
mal, and Omid Mohareri. Vidlpro: A video-language pre- 594
training framework for robotic and laparoscopic surgery. 595
arXiv preprint arXiv:2409.04732, 2024. 3 596

[16] Ming Hu, Peng Xia, Lin Wang, Siyuan Yan, Feilong Tang, 597
Zhongxing Xu, Yimin Luo, Kaimin Song, Jurgen Leitner, 598
Xuelian Cheng, et al. Ophnet: A large-scale video bench- 599
mark for ophthalmic surgical workflow understanding. In 600
European Conference on Computer Vision, pages 481–500. 601
Springer, 2024. 3 602

[17] Ming Hu, Kun Yuan, Yaling Shen, Feilong Tang, Xiao- 603
hao Xu, Lin Zhou, Wei Li, Ying Chen, Zhongxing Xu, 604
Zelin Peng, et al. Ophclip: Hierarchical retrieval-augmented 605
learning for ophthalmic surgical video-language pretraining. 606
arXiv preprint arXiv:2411.15421, 2024. 3 607

[18] Wenguo Huang, Jin Yi, Ziyao Liu, and Wenjing Zhou. Mllms 608
for versatile scene understanding: Towards embodied intel- 609
ligent surgical robots. In 2025 5th International Conference 610
on Artificial Intelligence and Industrial Technology Applica- 611
tions (AIITA), pages 1300–1303. IEEE, 2025. 2 612

[19] Aaron Hurst, Adam Lerer, Adam P Goucher, Adam Perel- 613
man, Aditya Ramesh, Aidan Clark, AJ Ostrow, Akila Weli- 614
hinda, Alan Hayes, Alec Radford, et al. Gpt-4o system card. 615
arXiv preprint arXiv:2410.21276, 2024. 2 616

[20] Kyle Lam, Junhong Chen, Zeyu Wang, Fahad M Iqbal, Ara 617
Darzi, Benny Lo, Sanjay Purkayastha, and James M Kinross. 618
Machine learning for technical skill assessment in surgery: a 619
systematic review. NPJ Digital Medicine, 5(1):24, 2022. 2 620

[21] Chunyuan Li, Cliff Wong, Sheng Zhang, Naoto Usuyama, 621
Haotian Liu, Jianwei Yang, Tristan Naumann, Hoifung Poon, 622
and Jianfeng Gao. Llava-med: Training a large language- 623
and-vision assistant for biomedicine in one day. Advances 624
in Neural Information Processing Systems, 36:28541–28564, 625
2023. 3 626

[22] Chunyuan Li, Cliff Wong, Sheng Zhang, Naoto Usuyama, 627
Haotian Liu, Jianwei Yang, Tristan Naumann, Hoifung Poon, 628
and Jianfeng Gao. Llava-med: Training a large language- 629
and-vision assistant for biomedicine in one day. Advances 630
in Neural Information Processing Systems, 36:28541–28564, 631
2023. 6, 7, 8 632

[23] Fuchen Li, Yuanhan Zhang, Sheng Shen, Yong Jae Lee, 633
et al. Llava-next-interleave: Tackling multi-image, video, 634
and multi-view in large multimodal models. arXiv preprint 635
arXiv:2407.07895, 2024. 2 636

[24] Jiajie Li, Garrett Skinner, Brian R Quaranto, Gene Yang, 637
Steven D Schwaitzberg, Peter CW Kim, and Jinjun Xiong. 638
Llava-surg: Towards multimodal surgical assistant via struc- 639
tured lecture learning. 2, 3 640

9

REDACTED

https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://deepmind.google/technologies/gemini/
https://deepmind.google/technologies/gemini/
https://deepmind.google/technologies/gemini/


[25] Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi.641
Blip: Bootstrapping language-image pre-training for uni-642
fied vision-language understanding and generation. In In-643
ternational Conference on Machine Learning, pages 12888–644
12900. PMLR, 2022. 2645

[26] Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi.646
Blip-2: Bootstrapping language-image pre-training with647
frozen image encoders and large language models. In In-648
ternational Conference on Machine Learning, pages 19730–649
19742. PMLR, 2023. 2650

[27] Bin Lin, Yang Ye, Bin Zhu, Jiaxi Cui, Munan Ning, Peng651
Jin, and Li Yuan. Video-llava: Learning united visual rep-652
resentation by alignment before projection. arXiv preprint653
arXiv:2311.10122, 2023. 2654

[28] Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee.655
Visual instruction tuning. Advances in Neural Information656
Processing Systems, 36:34892–34916, 2023. 2657

[29] Shenxi Liu, Kan Li, Mingyang Zhao, Yuhang Tian, Bin Li,658
Shoujun Zhou, Hongliang Li, and Fuxia Yang. M 3̂-med:659
A benchmark for multi-lingual, multi-modal, and multi-660
hop reasoning in medical instructional video understanding.661
arXiv preprint arXiv:2507.04289, 2025. 3662

[30] Yang Liu, Maxence Boels, Luis C Garcia-Peraza-Herrera,663
Tom Vercauteren, Prokar Dasgupta, Alejandro Granados,664
and Sebastien Ourselin. Lovit: Long video transformer for665
surgical phase recognition. Medical Image Analysis, 99:666
103366, 2025. 2667

[31] LLaVA Team. Llava-next: A strong zero-shot video under-668
standing model, 2024. Accessed: 2025-10-13. 2669

[32] Lena Maier-Hein, Matthias Eisenmann, Duygu Sarikaya,670
Keno März, Toby Collins, Anand Malpani, Johannes Fallert,671
Hubertus Feussner, Stamatia Giannarou, Pietro Mascagni,672
et al. Surgical data science–from concepts toward clinical673
translation. Medical Image Analysis, 76:102306, 2022. 2674

[33] OpenAI. Gpt-5: Multimodal large language models for un-675
derstanding complex visual inputs. OpenAI Technical Re-676
port, 2025. 2, 6, 7, 8677

[34] Nikhila Ravi, Valentin Gabeur, Yuan-Ting Hu, Ronghang678
Hu, Chaitanya Ryali, Tengyu Ma, Haitham Khedr, Roman679
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