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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 C1ue field, which provides targeted spatiotemporal evidence, jointly enabling hierarchical reasoning.

Abstract

Fine-grained spatiotemporal reasoning on surgical videos
is critical, yet the capabilities of Multi-modal Large
Language Models (MLLMs) in this domain remain largely
unexplored. To bridge this gap, we introduce SurgCoT, a
unified benchmark for evaluating chain-of-thought (CoT)
reasoning in MLLMs across 7 surgical specialties and
35 diverse procedures. SurgCoT assesses five core rea-
soning dimensions: Causal Action Ordering, Cue—Action
Alignment, Affordance Mapping, Micro-Transition Local-
ization, and Anomaly Onset Tracking, through a structured
CoT framework with an intensive annotation protocol
(Question+0Option+Knowledge~Clue-Answer),

where the Knowledge field provides essential background

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

1. Introduction

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



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

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

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

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

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

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

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

2. Related Work

Multi-Modal Large Language Models. @~ MLLMs have
achieved notable performance on complex vision-language
tasks through large-scale pretraining and instruction tun-
ing. Initial joint-encoder models such as BLIP [25, 26]
and Flamingo [1] connected visual encoders with cross-
attention layers for multimodal fusion. Subsequent autore-
gressive MLLMs like LLaVA [28] tokenize images as visual
prompts for LLM conditioning, showing strong few-shot
generalization. Recent models such as Qwen-VL [46] and
InternVL [8] scale visual backbones and alignment meth-
ods, approaching the performance of proprietary systems
like GPT-40 [19]. Video-language models such as Video-
LLaVA [27] further improve temporal modeling, offering a
suitable substrate for surgical video analysis.



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]miccar2iy Endoscope ~ 3 11.8K Frame X X 4 v
EndoVis-VQLA [3]icra23) Endoscope ~ 1 9.5K Frame X X v v
Endo-FM [48]miccar2s) Endoscope ~ 2 33K+50K Clip/Frame X X v v
CoPESD [42](arxiv24) Endoscope ~ 1 17.7K Frame X v v v
SurVLP [54](Media25) Endoscope ~ 11 25.5K Frame X X X X
Surg-3M [4](arxiv25) Endoscope ~ 35 30K Frame X X X X
Surg-396K [43]mra26) Endoscope 3 3 396K Frame X X v v
Cholec80-VQA [36]miccar22y  Laparoscopic 1 1 43K Frame X X X v
GSVIT [35]arxiv24) Laparoscopic 1 28 7000K Frame X X X X
GenSurg+ [15]arxiv24) Laparoscopic 2 28 17K Clip X X X X
MedVidQA [12](BjoNLP@ACL‘24) Instructional ~ ~ 1.2K Clip X X X v
Surg-QA [24](arxiv24) Instructional ~ ~ 10.2K Video X X X X
M 3-Med [29](arxiv'25) Instructional ~ ~ 3.7K Clip X X X v
Othet [ 1 6] (ECCV"24) Ophtha]mic 1 ~ 14K Video X v v v
OphVL [17]arxiv'24y Ophthalmic 1 ~ 375K Clip X X X v
EyePCR [45](arxiv25) Ophthalmic 1 ~ 210K Clip/Frame X v X v
PSI—AVA—VQA [37](MICCAI’23) Generalist 1 1 10.3K Frame X X v v
SSG-VQA [55]acars24) Generalist 1 1 960K Frame X X v v
SurgVLM-Bench [56]arxiv25) Generalist 4 16 7798.4K Frame X v v X
MedFrameQA [53]arxiv2s) Generalist 9 ~ 34K Multi-Frame v X X v
SurgBench [49](arxiv25) Generalist 11 22 23K+5300K Clip/Frame X X v v
SurgCoT ours) Generalist 7 35 2.8K+19K+19K  Video/Clip/Frame v v v v

#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. v: yes, X: no, ~: unknown.

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

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

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

3. Construction of SurgCoT Benchmark

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

3.1. Data Processing

Data Collection. Our benchmark is constructed from
a multi-source surgical video collection systematically or-
ganized across seven clinical specialties: Colorectal, Uro-
logical, Upper Gastrointestinal (Upper GI), Ocular, Gyne-
cologic, General Surgery (GenSurgery) and Hepatobiliary-
Pancreatic (HPB). The dataset integrates public platform
content (e.g., YouTube, ASVIDE), ten open-source repos-
itories, and proprietary clinical archives, yielding 8,917 ini-
tial surgical cases. Following standardized filtration priori-
tizing procedural completeness, clinical validity, and bilin-
gual narration for temporal alignment, 2,841 high-quality
videos (31.9% of original corpus) were retained. All data
were rigorously de-identified in compliance with ethical
standards, with extended analyses available in Appendix.
Clip and Standardization. Surgical videos are pro-
cessed into standardized clips to enable fine-grained spa-
tiotemporal reasoning: 1) Multi-source segmentation uses
hierarchical cue fusion (visual scenes, tool/tissue transi-
tions, and ASR anchors) to create semantically coher-
ent segments; 2) ASR alignment produces millisecond-
precise, temporally consistent captions without altering
medical content; 3) Ontology-driven normalization maps
surface terms to canonical entities using a controlled vocab-
ulary, ensuring terminological consistency while preserv-
ing original captions. This workflow guarantees temporally
aligned and semantically standardized clips.

Evidence Mining. = We retain public dataset annotations

and introduce an end-to-end evidence mining paradigm to
convert unannotated clips into spatiotemporally-grounded
supervision units. 1) The pipeline utilizes ASR captions
as semantic anchors, performs ontology-driven terminology
normalization to create lexical-canonical mappings, and an-
notates Procedures and Phases by merging semanti-
cally consistent sentence windows. 2) Spatial evidence
is constructed through frame-wise Tissue detection by
YOLOvVI10 [40] and Tool segmentation by SAM2 [34],
with cross-frame tracking via ByteTrack [57]. 3) Tempo-
ral evidence is extracted by detecting Act ion onsets from
appearance-change indicators, using minimal visual cues
as frame-level anchors. Anomalies are annotated with
tracks specifying onset time and minimal ROIs. All evi-
dence is bidirectionally aligned with ASR timestamps, with
caption windows split at event boundaries while preserv-
ing original timing. The generated annotations integrate
Procedure/Phase captions, Tool masks, Tissue
bounding boxes, and Action/Anomaly tracks, enabling
progressive spatiotemporal reasoning through three-stage
window narrowing and region-to-interface grounding for
comprehensive VQA evaluation.

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

To enable structured, verifiable CoT reasoning in
surgical video understanding, we introduce a three-
stage progressive reasoning framework (Q1-+Q2-03)



with a comprehensive five-tuple annotation protocol
(Question-0Option~Knowledge=Clue=Answer).

Five-Tuple Annotation Protocol.  For each stage, we
annotate five fields to collectively enable explicit, verifi-
able reasoning. Question: A clinically meaningful query
aligned with surgical workflow; Option: Curated, mu-
tually exclusive candidates designed to disambiguate sim-
ilar phenomena (e.g., tool reflections vs. true bleeding)
and constrain the hypothesis space; Knowledge: Provides
domain priors (e.g., color/flow patterns, typical anatomy,
device behavior) that explain clinical plausibility indepen-
dent of video content; Clue: Supplies video-grounded ev-
idence (e.g., temporal windows, spatial ROIs, landmarks)
that directs attention to case-specific diagnostic anchors;
Answer: the adjudicated target. Critically, Answer is
carried forward as conditioning context for the next stage,
enforcing causal dependency and spatiotemporal narrow-
ing. Serializing Knowledge and Clue before Answer
encourages a “‘reason-then-decide” pattern: Knowledge
supplies clinical “why,” while C1ue anchors “where/when,”
yielding a transparent, video-grounded chain of thought.

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

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

sor’s validated constraints:

(01, 01, K1, C1) = Al

Global Video Comprehension
— (02, 02, K2, C2, Al) = A2

Conditioned Clip Analysis
— (03, 03, K3, C3, A2) = A3.

Fine-grained Frame Localization

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

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

3.3. VQA Generation: Five Critical Dimensions

With clinical experts, we define five spatiotemporal rea-
soning tasks to investigate deep cognitive processes. Each
task uses the three-stage framework (Sec. 3.2) to generate
ontology-driven VQA pairs containing spatial, temporal,
and semantic distractors. This yields the SurgCoT bench-
mark, comprising 19,345 main and 59,177 sub-questions,
for evaluating hierarchical reasoning in surgical videos.
Causal Action Ordering (CAO). This task determines
the causal sequence of surgical micro-actions by using min-
imal visual evidence and fine-grained spatiotemporal cues
(e.g., action onset, interface-level ROIs) to enable verifiable
rationale inference. Example: Q: In cholecystectomy, which
occurs first: clip placement or scissor division? A: Clip
placement precedes and enables subsequent division.
Cue-Action Alignment (CAA). CAA aligns pre-action
cues with micro-actions to pinpoint action initiation in time



and space, thus disambiguating intent from execution and
providing verifiable onset anchors, a critical capability for
surgical video reasoning. Example: Q: When does visible
execution first begin? A: Around t = 425s, initiating at the
hook—peritoneum interface over Calot’s triangle.

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

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

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

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

3.4. Quality Control Protocol

The protocol integrates expert validation with multi-criteria
verification via a dual-pass human-in-the-loop process. Au-
tomated structural validation ensures schema integrity and
logical consistency (e.g., temporal/spatial progression, no
answer leakage), while dual-annotator content validation
with expert adjudication verifies task dependency, rationale
verifiability, and ontology compliance. The protocol ad-
dresses four quality dimensions: Consistency (schema/logic
checks), Balance (class-wise quotas), Visibility (obstruction
tagging for difficulty filtering), and Statistical Reliability
(inter-rater agreement metrics and acceptance thresholds).
Disagreements are resolved by majority voting, with incon-
sistent samples discarded to ensure robust annotation.
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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

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

4. Experimental Results

4.1. Experimental Setup

Evaluated Models. We evaluate 10 MLLMs: Com-
mercial models include GPT-5 [33], Claude-Sonnet-
4.5 [2], and Gemini-2.5-Pro [10], serving as leading
multimodal baselines with strong performance on di-
verse vision-language tasks; Open-source models include
Qwen2.5-VL-7B, Qwen3-VL-8B [50] and Intern3.5-VL-
8B [47]; Med-specialized models include MedGemma-
27B-IT [38], Lingshu-7B [51], LLaVA-Med-7B [22], and
HuatuoGPT-Vision-7B [6]. We use accuracy as the primary
evaluation metric.

Evaluation Protocol. = We design a three-stage protocol
to systematically assess MLLMs’ CoT reasoning capabili-
ties: 1) Baseline: (BL): Models receive only the surgical
video and main question, evaluating end-to-end reasoning
without guidance. 2) Knowledge-Enhanced (KE): Adds
clinical background knowledge; models answer both main



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. (%) 1 CAA. (%)t AM. (%) 1 MTL.(%) AOT. (%) 1 Avg. (%) T
BL KE FC BL KE FC BL KE FC BL KE FC BL KE FC BL KE FC

. GPT5[33] 8507 9156 9479 80.99 8529 90.64 7897 77.67 8234 69.14 81.63 8671 6895 6653 7823 7662 80.54 87.58
§  Gemini-2.5-Pro [10] 80.66 9399 9692 7797 7675 8462 6031 7320 8655 6982 8273 8405 5232 7648 8085 70.02 8183 87.20
©  claude-sonnect-4.5 [2] 9281 97.99 9833 83.66 8646 89.12 59.80 68.10 8751 79.49 7245 8639 5474 6735 7534 7410 7887 87.54
~ MedGemma-27B-IT [38] ~ 83.67 94.99 9699 7402 8128 8649 7339 7083 7926 7269 7554 8560 51.02 5927 80.52 7096 7637 8637
S Lingshu-7B [51] 86.68 97.24 9750 6583 6457 7227 49.06 5398 63.50 6512 6899 7384 5046 6246 67.64 6343 (9.45 74.95
3 LLaVA-Med-7B [22] 8995 9693 9750 66.10 7234 7152 6229 7468 7616 7143 8184 88.67 5097 4725 7481 6815 7522 8173
= HuawoGPT-Vision-7B [6] 7847 80.53 8874 6828 6501 7324 6724 68.63 8137 7253 7269 $137 6389 6821 7795 7008 7119 8373
< InternVL-8B [8] 9072 94.17 9753 7008 7388 8275 59.12 5945 6846 6835 69.52 84.85 5146 6590 7603 6795 73.58 8232
S Qwen2.5-VL-7B [46] 8442 87.17 98.98 6564 6877 8356 6095 6678 6841 7659 8340 8502 56.64 49.97 6130 68.85 7122 79.45
S Qwen3-VL-8B [50] 87.96 9269 9677 7551 8742 9157 60.67 6675 7330 7407 7610 8330 79.00 7746 86.68 7544 8148 8692

and sub-questions (Q1, 02, 03), evaluate if Knowledge Table 3. Sub-question accuracy under progressive reasoning

aids progressive reasoning. 3) Full-Context (FC): Provides
full annotation support (Video, Knowledge and Clue)
evaluating the comprehensive diagnostic capability with
complete reasoning scaffolds.

Implementation Details. We adopt unified prompts and
decoding settings: a zero-shot template with fixed decoding
parameters, including temperature = 0.0, top_p = 1.0,
max_new_tokens = 4096, and repetition_penalty = 1.0;
sampling retries are disabled. API-hosted models are in-
voked with these parameters, while local open-source mod-
els are run with Torch 2.9.0 and Transformers
4.57.1 on CUDA 12.4, using bflé6 inference on
NVIDIA A100 80 GB x 8 GPUs.

4.2. Evaluation of MLLMs

Table 2 summarizes the evaluation of 10 leading MLLMs,
revealing four key observations.

Commercial Models Lead Peers.  As demonstrated in
Table 2, commercial models consistently achieve superior
performance compared to both open-source and medically-
specialized counterparts across all five clinical reasoning
dimensions. Leading commercial systems including GPT-
5 [33], claude-sonnect-4.5 [2], and Gemini-2.5-Pro [10]
demonstrate particularly strong capabilities in progressive
reasoning scenarios (BL. — KE — FC), i.e., there is a
stable performance progression as additional knowledge
elements (KE) and spatiotemporal constraints (FC) are
introduced. GPT-5 [33], for instance, shows consistent
performance gains across all task categories (on average
+10.96%), while Claude-Sonnet-4.5 [2] demonstrates no-
table improvements in fine-grained decision-making tasks
such as AOT (+20.60%) and AM (+27.71%). Conversely,
open-source and medically specialized models display sig-
nificant limitations in tasks requiring precise temporal and
spatial reasoning, particularly struggling with the integra-
tion of multi-modal information sources.

Five-Tuple Annotation Protocol Boosts Accuracy.
Medical-specific models such as LLaVA-Med-7B [22]

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
. GPT- 76.62  80.54 54.71 5585 47.60 8758 56.12 56.15 5051
5 Gemini-2.5-Pro [10] 7002  81.83 3415 4404 4306 8720 3585 34.02 52.32
©  Claude-Sonnect-4.5 2] 7410 7887 4938 4142 3650 87.54 53.04 3485 3044
~  MedGemma-27B-IT [38] 7096 7637 54.82 5675 7625 8637 6129 7125 7042
S Lingshu-7B [51] 6343 6945 3606 4793 4353 7495 4836 5858 56.52
S LLaVA-Med-7B [22] 68.15 7522 3171 3665 3646 81.73 3440 3975 37.57
= HuatuoGPT-Vision-7B [6] 7008 71.19 69.97 67.69 5562 8373 7213 7031 69.00
~  Qwen3-VL-8B [50] 75.44 8148 7290 51.00 73.04 8692 7475 6749 7098
2 Qwen2.5-VL-7B [46] 6885 7122 3185 27.02 2533 7945 38.14 2987 36.80
S IntenVL-8B [8] 6795 7358 67.80 6579 48.86 8232 6489 5528 51.63

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

The transition from KE to FC further demonstrates
the critical importance of spatiotemporal grounding, e.g.,
Qwen2.5-VL-7B [50] showed a notable 8.23% increase,
highlighting its enhanced ability to utilize temporal and spa-
tial clues for refined reasoning. Similarly, Claude-Sonnet-
4.5 [2], despite strong baseline performance (BL = 74.10%),
improved by approximately 13.44% with spatiotemporal
clues, underscoring its advanced capacity for multimodal
fusion. These observations collectively validate that the
five-tuple annotation framework enables progressive spa-
tiotemporal reasoning through structured cue enhancement
across three reasoning settings: BL, KE, and FC.

MLLMs Demonstrate Limitations in CoT Reasoning
To systematically evaluate CoT’s reasoning capabilities, we
analyze MLLM'’s performance across the three progressive



Q: Which time point during the procedure is the safest to

clamp the cystic artery?
b ! Procedure: Laparoscopic Cholecystectomy
Specialty: General Surgery
Duration: 455 seconds video clip
Clinical Context: Dissection phase with risk of bile
duct injury
1) Baseline: (BL)
In general, the safest time to clamp the cystic artery is after
oser achieving the critical view of safety (CVS), where the cystic duct
and artery are clearly identified and separated, ensuring no injury
to nearby structures like the common bile duct or hepatic artery.

Comments: Relying on pre-train clinical knowledge and standard
surgical procedures and best practices to infer the answer. .

2) Baseline: (BL+Q1/Q2/Q3

Three-Stage Progressive Reasoning with Five-Tuple Annotation Protocol

Q1: What is the primary surgical
objective in this video segment?

o1:

A) Identifying Calot's triangle anatomy
B) Mobilizing the gallbladder fundus
C) Clipping the cystic artery

D) Suturing the liver bed

K1: Calot's triangle contains critical
structures (eystic duct, cystic artery,
‘common hepatic duct) that must be
identified before any division to
prevent bile duct injury.

C1: Temporal:0s—300.0s
Spatial: hepatocystic triangle area

2: Given that the goal is identifying
Calot's triangle, which clip segment
shows the critical view of safety being
achieved?

02: - .

A; 0-150s: Initial grasping of gallbladder
B) 150-300s: Dissection revealing two
structures . )

Cg 300-450s: Final clearing of tissue

D) None of the above

K1: The "critical view of safety"
requires: (1) clearing the hepatocystic
triangle, (2) identifying two and only
two structures crossing from
gallbladder to liver, (3) ensuring the
lower third of gallbladder is separated
from liver bed.

C2: Temporal: 150-300s
Spatial: cystic duct and artery

—P»Q3:With 150-300s, at what exact
timestamp does the cystic artery
first become fully visible and
distinguishable from the cystic duct?

03: A)180s
B) 220s
C) 260s
D) 290s

K1: The eystic artery typically runs
parallel and posterior to the cystic
duct. It appears as a smaller caliber
wessel with pulsatile character when
gently manipulated.

C3: Temporal: 220.0s
Spatial: [440, 400, 70, 50]

Q1: What is the primary surgical objective in this video segment?

Al: A — A2: B o A3: B
A: To dissect and identify critical structures .
3) Knowledge-Enhanced (K]

Q2: Given that the goal is identifying Calot's triangle, which clip
segment shows the critical view of safety being achieved?

A: The critical vi
cwcr (= 300-450)
Q3: At what exact timestamp does the cystic artery first become
fully visible and distinguishable from the cystic duct?

f safety is achieved in the third clip segment

ChetopT

the cystic duct at = 487 s in the video.

ChatGPT-5: A @

Add background knowledge on Calot

4) Full-Context (FC)

ChatGPT-5: A @
A: Tt first becomes fully visible and clearlyghistinguishable from cracer
Add background knowledge on Calot

ChatGPT-5: C .
charGeT

No clues, no precise localization.

ChatGPT-5: D .

Error propagation

ChatGPT-5: B @ ChatGPT-5: B <\/: $
CratcPT ChaGeT

Adding Clue to correct model errors Find the correct answer

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 foundational
substructure of each main question (Q). As quantified in Ta-
ble 3, a pronounced performance dissociation emerges be-
tween main question accuracy and sub-question proficiency,
revealing fundamental limitations in progressive reasoning.

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

SurgCoT Enables CoT Reasoning SurgCoT facilitates
surgical CoT reasoning by decomposing tasks into clinical
sub-questions (Q1—Q2—Q3) and progressively integrating
knowledge (KE) and spatiotemporal clues (FC) to guide
progressive, transparent inference. As shown in Table 3, the
introduction of Knowledge Enhancement (KE) yields sub-
stantial improvements in sub-question performance across
diverse model architectures. For instance, LLaVA-Med-
7B [22] demonstrates a notable accuracy increase in main
Q from 68.15% to 75.22% when transitioning from BL
to KE. The subsequent integration of spatiotemporal clues

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

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

5. Conclusion

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