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Abstract

Multimodal large language models have made
substantial progress in medical visual un-
derstanding, but temporal reasoning and
knowledge-guided reasoning over real surgical
videos remain underexplored. Existing surgi-
cal benchmarks mainly focus on static frames,
single procedures, or simple questions, which
limits their ability to capture the complexity of
real clinical workflows. To address this gap,
we introduce UniSurgBench, a unified bench-
mark for open-ended surgical video reasoning,
comprising 2,302 question-answer samples col-
lected from real surgical videos spanning 45
procedures and 29 anatomical structures. Each
sample is annotated with temporally grounded
evidence and structured reasoning steps. We
also propose SurgExpEval, a two-stage eval-
uation protocol that extracts structured reason-
ing components from free-form model outputs
and jointly assesses answer accuracy, reason-
ing quality, and temporal grounding. Evalu-
ations with 23 proprietary, open-source, and
medical-related MLLMs show that MLLMs
can produce clinically reasonable and causally
coherent responses. However, they often fail
to associate these responses with fine-grained
visual evidence, highlighting evidence-level vi-
sual grounding as a key bottleneck for reliable
surgical intelligence. Our code and data will be
available at UniSurgBench.

1 Introduction

Multimodal large language models (MLLMs)
have demonstrated rapid and wide-ranging ad-
vances in medical image analysis, achieving re-
markable results in tasks such as medical report
generation (Chen et al., 2025c; Baharoon et al.,
2025; Zhang et al., 2025a), radiological diagnosis
(Lee et al., 2025; Li et al., 2025; Pan et al., 2025;
Jing et al., 2025), and pathology interpretation
(Chen et al., 2025a; Liang et al., 2025; Sun et al.,
2025; Yang et al., 2026). However, despite their

strong performance on medical image analysis, the
adoption of MLLMs in surgical scenarios for intra-
operative assistance, risk prediction, and decision
support remains limited (Zhu et al., 2026). This
limitation primarily stems from the lack of compre-
hensive benchmarks and evaluation protocols that
are well aligned with real-world clinical workflows.
In contrast to static medical image understanding,
surgical video understanding requires the integra-
tion of dynamic temporal information, fine-grained
spatiotemporal perception, and high-level clinical
reasoning (Wang et al., 2025a; Wei et al., 2025;
Perez et al., 2026b; Li et al., 2026a). This complex
reasoning paradigm in surgical scenario poses sig-
nificant challenges for MLLMs in surgical video
understanding.

Current benchmarks for surgical video under-
standing can be grouped into two primary cate-
gories: general-purpose medical benchmark (Royer
et al., 2024; Hu et al., 2024b; Pengcheng et al., 2024;
Zuo et al., 2025; Yue et al., 2024, 2025) and domain-
specific surgical benchmark (Perez et al., 2026b;
Qin et al., 2026; Cheng et al., 2026; Zhu et al., 2026;
He et al., 2024; Hu et al., 2024a; Seenivasan et al.,
2022; Zeng et al., 2025). General-purpose bench-
marks cover a broad range of medical tasks but
typically with limited surgical data per task, such
as OmniMedVQA (Hu et al., 2024b), MultiMedE-
val (Royer et al., 2024), and MMMU (Yue et al.,
2024). In contrast, domain-specific benchmarks
focus on individual procedures or subspecialties,
such as EndoBench (Liu et al., 2026a), Cholec80-
VQA (Seenivasan et al., 2022), and GI-Bench (Zhu
et al., 2026). Although these benchmarks have been
useful in advancing surgical scene understanding
to some degree, there are two critical limitations
for real-world clinical applicability: i) they are
largely confined to isolated procedures, subspe-
cialties, or static images (He et al., 2024; Wang
et al., 2025a; Seenivasan et al., 2022; Xu et al.,
2025; Zeng et al., 2025), limiting the assessment of
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Figure 1: Overview of UniSurgBench. UniSurgBench is a unified testbed for open-ended surgical video reasoning,
featuring 2,302 video question-answer-clue samples across 45 procedures and 29 anatomical structures. Each sample
is organized as a question-answer-clue triplet with temporal evidence, structured rationales, and fine-grained visual
clues. Together with SurgExpEval, UniSurgBench evaluates surgical MLLMs in answer correctness, reasoning
quality, and temporal grounding.

model generalization across diverse anatomies, vari-
able intraoperative workflows, and dynamic video
scenarios; ii) existing benchmarks primarily rely
on multiple-choice question (MCQ) accuracy (Liu
et al., 2026a; Zhu et al., 2026). However, because of
insufficiently rigorous distractor design and overly
simplistic question settings, MLLMs may simply
utilize language priors alone rather than using vi-
sual and textual evidence during reasoning, thereby
undermining clinical trustworthiness.

To address these gaps, we introduce UniSurg-
Bench, a unified open-ended benchmark for surgi-
cal video understanding (Fig. 1). UniSurgBench
contains 2,302 video question-answer-clue (QAC)
samples derived from real-world surgical videos,
covering 29 anatomical structures and 45 surgical
procedures. We construct the benchmark through
a semi-automated pipeline consisting of structured
video parsing, knowledge-guided question-answer
generation, and human-in-the-loop quality control.
Each sample is annotated with temporal evidence
and structured reasoning steps. Inspired by clinical
workflows conversation and surgeon expertise, we
further defines 14 spatio-temporal reasoning tasks
across four clinical dimensions, enabling system-
atic evaluation from low-level visual perception to
high-level clinical reasoning.

We further propose SurgExpEval, a tailored

evaluation framework designed to assess open-
ended responses in UniSurgBench. Unlike prior
methods that evaluate model responses solely based
on semantic answer consistency (Zhu et al., 2026;
Cheng et al., 2026), SurgExpEval first parses model
outputs into structured reasoning steps and then
applies category-aware semantic matching. This
design enables us to disentangle the understanding
ability of MLLMs and precisely determine their
reasoning quality, answer correctness, and temporal
grounding ability.

We evaluate 23 proprietary, open-source, and
surgery-specialized MLLMs on UniSurgBench.
The results show that current models are consis-
tently stronger in knowledge-driven reasoning than
in visually grounded perception. For example,
GPT-5.4-Thinking achieves 74.6% F1 on causal
reasoning but only 60.2% F1 on visual perception.
Moreover, although many models can recognize
basic surgical elements, they struggle with tem-
poral understanding and specific scenario analysis
tasks. These findings suggest that precise surgical
perception remains a challenge for current MLLMs.

2 UniSurgBench
2.1 Task Definition

To construct a benchmark grounded in real clini-
cal workflows, we conducted in-depth observations
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Table 1: Comparison with existing medical and surgical benchmarks. Scale denotes the number of videos/images
and QA pairs; #Proc./Scope denotes the surgery procedure or clinical/anatomical scope; QA Fmt. denotes the answer
format, including MCQ, Open-End-Short/Open-End-Long, Classification, Sentence-level answer and Localization;
CoT Ann. denotes multi-step reasoning annotations; Temp. Clue denotes temporal evidence annotations; CoT Eval.
denotes explicit evaluation of reasoning steps; Temp. Eval. denotes explicit evaluation of temporal grounding.

Annotation Evaluation

Benchmark Mod. Domain Scale #Proc./Scope QA Fmt. CoT Ann. Temp. Clue CoT Eval. Temp. Eval.

Medical Video Benchmarks
MedVidQA (Gupta et al., 2023) Vid. Medical education 899 / 3,010 - Loc. ✗ ✗ ✗ ✓

MedFrameQA (Yu et al., 2025) Img. Medical imaging 9,237 / 2,851 9 sys./43 org. MCQ ✓ ✗ ✗ ✗

M3-Med (Liu et al., 2025) Vid. Medical education 3,748 / 12.7K - MCQ/Loc. ✗ ✓ ✗ ✓

Surgical VQA Benchmarks
EndoVis18-VQA (Seenivasan et al., 2022) Img. Robotic surgery 2K / 11.8K 1 proc. / 1 org. Cls./Sent. ✗ ✗ ✗ ✗

Cholec80-VQA (Seenivasan et al., 2022) Img. Laparoscopy 21.6K / 43.2K 1 proc. / 1 org. Cls./Sent. ✗ ✗ ✗ ✗

SSG-VQA (Yuan et al., 2024a) Img. Laparoscopy 25K / 960K 1 proc. / 1 org. Cls. ✗ ✗ ✗ ✗

PitVQA (He et al., 2024) Img. Pituitary surgery 109K / 884K 1 proc. / 1 org. Cls. ✗ ✗ ✗ ✗

EndoBench (Liu et al., 2026a) Img. Endoscopy – / 6,832 4 scen. / - MCQ ✗ ✗ ✗ ✗

GI-Bench (Zhu et al., 2026) Img. GI endoscopy 947 / 4,735 2 proc. / 3 org. MCQ/OE-S ✗ ✗ ✗ ✗

Surgical Reasoning VQA Benchmarks
CholeVidQA-32K (Li et al., 2026a) Vid. Cholecystectomy 3,855 / 32.3K 1 proc. / 1 org. OE ✗ ✗ ✗ ✗

SurgCoT (Wang et al., 2026) Vid. Multi-Surgery 2,841 / 19.3K 35 proc. / 7 org. MCQ+SubQ ✓ ✓ ✓ ✗

UniSurgBench Vid. General surgery 2,302 / 2,302 45 proc. / 29 org. OE-L ✓ ✓ ✓ ✓

of surgical procedures alongside three senior sur-
geons and systematically analyzed recurring infor-
mation needs at each stage of surgical decision-
making. This process revealed a clear cognitive
hierarchy: surgeons first perceive and identify fun-
damental elements, then analyze interactions and
dynamics, then engage in intent-driven planning,
and finally perform high-level contextual reason-
ing. Motivated by this hierarchy, we define 14
spatio-temporal reasoning tasks across four levels:

Level 1: Surgical Element Identification.
Short-term visual perception of fundamental surgi-
cal elements: instrument detection (ID), anatomy
identification (AI), and anomaly recognition (AR).

Level 2: Surgical Operation Analysis. Spa-
tiotemporal understanding of surgical interactions:
action recognition (AcR), triplet extraction (TE),
and interaction dynamics analysis (IDA).

Level 3: Surgical Phase Understanding
Evidence-grounded reasoning for mid-term plan-
ning: phase recognition (PR), intent inference (II),
safety assessment (SA), and next-step prediction
(NSP).

Level 4: Surgical Procedure Reasoning High-
level reasoning in surgical contexts: pathology
inference (PI), anatomical variation inference (AVI),
surgical summarization (SS), and difficulty-specific
assessment (DSA).

All 14 tasks in UniSurgBench are formulated as
open-ended question-answering-clue tasks, which
can better reflect the free-form interaction that
occurs in real-world scenes.

2.2 Data Collection
We curate professionally narrated surgical videos

from WebSurg (WebSurg, 2026) and medical
YouTube channels (YouTube, 2026). Videos are ini-
tially screened for visual quality, duration, narration
density, procedural completeness, and temporal
clarity, yielding 2,574 candidates across laparo-
scopic, open, and minimally invasive procedures.
To ensure clinical relevance and safety, two senior
surgeons independently review the candidates and
exclude irrelevant, low quality, unsafe, or high-risk
content, resulting in 254 full high-quality surgery
videos. All videos are de-identified to satisfy ethi-
cal and privacy requirements, and their audio tracks
are transcribed into timestamp-aligned text using
WhisperX (Bain et al., 2023) .

2.3 Data Annotation Pipeline
2.3.1 Structured Surgical Video Parsing

We primarily parse each video into a structured
multi-scale representation from time-aligned tran-
scripts (Perez et al., 2026a). GPT-5 (OpenAI,
2025a) is prompted to decompose long surgical
videos into three temporal levels, namely Phase,
Step, and Task (Korndorffer Jr et al., 2010; Perez
et al., 2026a). It also normalizes informal tran-
script expressions and generates a procedure-level
summary as global context. To enable visually
grounded QA generation, each segment is enriched
with hierarchy-aware visual captions. For Task-
level clips, uniformly sampled frames and transcript
captions are used to generate detailed descriptions.
For coarser Step- and Phase-level clips, child-clip
captions and transcripts provide contextual priors
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Figure 2: Annotation pipeline overview. We integrate expert-narrated clinical knowledge with visual cues from
the videos to construct video descriptions and question-answer pairs. Through a human-in-the-loop process with
multiple rounds of validation and discussion, we select high-quality samples with appropriate difficulty and clear
clues to build UniSurgBench.

Figure 3: Task distribution of UniSurgBench across 14
spatio-temporal tasks.

for caption generation. This hierarchical captioning
strategy reduces evidence misalignment from sparse
long-video sampling while preserving fine-grained
visual details. Finally, we uniformly sampled 3,574
initial candidate samples from the video clip candi-
date pool according to duration, information, and
category, and invited a surgeon to review the candi-
date videos’ descriptions and segmentations.
2.3.2 Knowledge-Guided QA Generation

Given the parsed video-caption pairs, we prompt
GPT-5 (OpenAI, 2025a) with predefined QA tem-
plates (Section 2.1), clip-level descriptions, and
procedure summaries to generate video QAC pairs
with structured reasoning chains. Each chain con-

Table 2: Dataset Annotation Statistics for UniSurgBench

Metric Value

Number of videos 2,302
Maximum video duration (s) 1,621.0
Average video duration (s) 95.0

Average words per question 39.4
Average words per answer 51.4
Average words per reasoning step 224.7

Number of clues 12,768
Average clues per QAC 6.0
Average clue duration (s) 19.19

tains four components: Observation, Knowledge,
Assessment, and Reasoning, which reflect expert
clinical reasoning process. To match question com-
plexity with temporal context, Task-level clips ad-
dress perception and action understanding, while
Step- and Phase-level clips support more integra-
tive, knowledge-intensive reasoning. To ensure
visual grounding, each timestamp in the Observa-
tion category is linked to corresponding keyframes,
and Gemini-3-Pro (Doshi, 2025) is used to review
and filter the samples with incorrect visual evidence,
temporal localization, reasoning, and question de-
sign. We further screen for language-only leakage
by removing samples that can be answered from the
question text without visual or contextual evidence
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Figure 4: Data analysis of UniSurgBench. (a) Temporal coverage of time intervals over normalized video
timestamps; (b) Distribution of video durations; (c) Word-count distributions of data samples.

(Zuo et al., 2025). Finally, we filtered out 701 and
324 video QAC pairs through keyframe verification
and language-only leakage test, respectively.

2.3.3 Human-in-the-Loop Quality Control

We adopt a two-stage iterative verification-and-
refinement process for the remaining 2,594 samples
to further align model-generated annotations with
expert clinical judgment. At each stage, we use a
verifier to score each video QA pair on a Likert
scale using both the video frames and contextual
captions, record issues requiring correction, and
pass the feedback to a refiner for revision. Then,
the refiner will revise the corresponding issue and
record the revision history for further verification.

In the first round, GPT-5 (OpenAI, 2025a)
serves as the verifier and Gemini-3-Pro (Doshi,
2025) as the refiner. They perform multiple rounds
of automatic evaluation and revision, after which
each sample is labeled as reject, revise, or accept
according to the final scores. Only samples labeled
revise or accept proceed to the second stage.

In the second round, two senior surgeons re-
view the outputs from the first stage using the
same Likert-scale protocol and manually correct
ambiguous references, logical inconsistencies, and
clinically inappropriate terminology. GPT-5 then
revises the annotations according to this structured
expert feedback. The two-stage design with iterative
expert review progressively aligns model-generated
annotations with expert clinical judgment, simul-
taneously reducing expert burden and expanding
question coverage without compromising quality.
For more details on the annotation pipeline, please
refer to Appendix Sec C.

2.4 Statistics
UniSurgBench provides broad procedural cover-

age and dense temporal evidence annotations for
surgical video reasoning. After annotation and fil-
tering, the benchmark contains 2,302 high-quality
video QAC pairs spanning 45 surgical procedures
and 29 anatomical structures, with video durations
ranging from under 1 minute to over 27 minutes
(Figure 1). The 14 task types are distributed across
different task dimensions, surgical scenes, proce-
dural stages, and information densities, as shown
in Figure 3. In addition, UniSurgBench includes
12,768 annotated clues and 12,359 time intervals,
with an average interval duration of 19.2s. Fig-
ure 4(a) shows that these clue intervals are broadly
distributed over normalized video timestamps, in-
dicating that the annotated evidence covers diverse
stages of the surgical workflow. Additional dataset
statistics are provided in Appendix Sec E.

3 Evaluation
We introduce SurgExpEval, a two-stage evalua-

tion framework for open-ended surgical QA (Fig-
ure 1(c)). The evaluation pipeline and metrics are
detailed in the following subsections.

3.1 Evaluation Pipeline
SurgExpEval consists of two stages: structured

prediction extraction and category-aware semantic
matching. In the first stage, inspired by (Qi et al.,
2025; Jing et al., 2025), we use LLM-judge model
with a customized prompt to standardize each open-
ended response into five categories consistent with
the expert data review workflow: Observation O,
Knowledge K, Assessment A, Reasoning R, and
Conclusion C. Observation contains timestamped
visual evidence, while the other categories cap-
ture referenced clinical knowledge, surgical scene

35129



Figure 5: Answer accuracy performance comparison across 14 tasks for proprietary (Left Panel), open-source
(Middle Panel), and medical-related models (Right Panel).

assessment, inference steps, and the final answer.
Each category may contain multiple items, and
each item is treated as an individual matching
unit. In the second stage, given the extracted
prediction ẑi and ground truth zi, SurgExpEval
performs semantic matching within each category
u ∈ {O,K,A,R,C}. For each ground-truth item
g and predicted item p, Judge model assigns a se-
mantic score sui (g, p) ∈ {0, 1, 2}, where 0, 1, and
2 denote mismatch, partial match, and exact match.
Each GT item is matched to at most one predic-
tion, namely the most relevant one, and the score is
normalized to [0, 1] by w(ℓ) = ℓ/2. The resulting
matched triplets (g, p, ℓ), where ℓ = sui (g, p), are
used for metric computation.

3.2 Evaluation Metrics
Semantic Reasoning Evaluation. We evaluate
each structured component after semantic align-
ment, treating each extracted item as one reasoning
step. For sample i and component u, we use recall
to measure the completeness of key reasoning steps
and precision to measure the validity of generated
reasoning steps. The metrics are defined as follows:

Recallui =

∑
(g,p,ℓ)w(ℓ)

|zui |
,

Precisionui =

∑
(g,p,ℓ)w(ℓ)

|ẑui |
.

(1)

We macro-average recall and precision over valid
samples for each component and compute F1 from
the macro-averaged values. We further group

Knowledge and Assessment as Medical Knowledge
(MK), Reasoning as Causal Reasoning (CR), and
Observation as Visual Perception (VP).

Answer Evaluation. We evaluate final-answer
correctness using semantic matching on the Con-
clusion component. We report Strict Accuracy,
which counts only exact semantic matches, and Le-
nient Accuracy, which also counts partial matches.

Temporal Grounding Evaluation. We evaluate
temporal grounding on timestamped Observation
items. Rather than scoring temporal overlap alone,
SurgExpEval adopts a verify-then-locate protocol
that first checks semantic alignment and then mea-
sures localization quality. This design reduces
over-generation bias and better reflects whether a
model can identify relevant video evidence. For
each semantically aligned reference-prediction pair
with intervals Igt and Ipred, temporal overlap is
defined as:

IoU =





1, |tgt − tpred| ≤ 1 s,

|Igt ∩ Ipred|
|Igt ∪ Ipred|

, otherwise.
(2)

Point-like cues are treated as observations with
a single timestamp. After semantic alignment,
each reference observation receives one localiza-
tion score, and unmatched observations receive
zero overlap. We report mIoU over all reference
observations, together with IoU@0.3 and IoU@0.5.
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Table 3: Performance comparison on semantic reasoning evaluation and temporal grounding. VP, MK, and
CR denote visual perception, medical knowledge, and causal reasoning, respectively. R, P, and F1 denote recall,
precision, and F1. Top-1 and Top-2 values in each metric column are highlighted.

Model Semantic Reasoning Temporal Grounding
VP@R VP@P MK@R MK@P CR@R CR@P Overall@F1 mIoU IoU@0.3 IoU@0.5

Proprietary Models

GPT-5.4 (OpenAI, 2026) 77.42 43.58 86.24 57.23 82.72 70.59 67.35 23.70 34.73 21.77
GPT-5.2 (OpenAI, 2025b) 72.83 51.32 79.21 57.57 79.27 70.53 67.33 23.03 33.05 21.66
Gemini-2.5-pro (Google DeepMind, 2025) 66.26 40.94 77.09 46.67 70.69 58.07 57.76 18.64 26.23 17.21
Gemini-3-Flash (Google, 2026) 65.29 48.48 71.09 55.72 70.01 64.56 61.86 21.97 31.38 20.76
Claude-Sonnet-4.6 (Anthropic, 2026) 71.83 36.33 79.32 40.37 71.78 55.17 55.22 22.95 33.17 19.97
GLM-5 (Z.AI, 2026) 58.54 41.77 71.52 40.27 63.56 51.32 52.65 20.88 30.77 18.72

Open-source Models

GLM4.1V-9B-T (GLM-V Team et al., 2026) 11.28 52.61 41.74 59.37 51.37 63.08 44.12 3.90 4.98 3.52
LLaVA-OV-7B (Li et al., 2024a) 22.92 37.46 51.09 45.36 45.37 48.67 41.91 4.01 5.00 3.77
InternVL3.5-8B-T (Wang et al., 2025b) 23.98 50.42 57.26 52.97 55.49 56.44 49.31 8.49 11.23 7.76
Qwen2.5-VL-7B-I (Bai et al., 2025b) 28.65 44.99 56.94 48.81 51.19 50.76 46.77 9.92 13.42 9.26
Qwen3-VL-8B-T (Bai et al., 2025a) 47.38 59.60 70.92 59.94 65.25 62.62 60.93 18.97 26.21 18.30
Qwen2.5-VL-32B-I (Bai et al., 2025b) 27.25 37.95 63.58 45.66 54.36 52.76 47.37 5.31 6.96 4.94
Qwen3-VL-32B-T (Bai et al., 2025a) 52.61 60.35 75.13 60.71 68.54 64.88 63.60 20.08 27.50 19.46
Qwen3.5-35B-A3B (Qwen Team, 2026) 60.70 49.24 77.30 50.82 70.43 60.54 60.44 15.46 22.12 14.18
Qwen3-VL-235B-A22B-T (Bai et al., 2025a) 59.01 50.41 76.38 51.14 70.15 61.32 60.57 17.97 25.58 16.83
Qwen3.5-397B-A17B-T (Qwen Team, 2026) 64.90 48.71 80.17 50.43 72.51 62.17 61.74 15.69 22.10 15.17

Medical-related Models

HuatuoGPT-Vision-7B (Chen et al., 2024) 26.13 48.43 60.56 47.19 55.88 53.77 48.57 7.75 10.95 6.77
HuluMed-7B (Jiang et al., 2025) 32.49 33.87 52.19 51.32 49.42 52.34 44.84 4.61 5.39 4.12
HuluMed-32B (Jiang et al., 2025) 34.03 37.74 60.68 50.56 55.35 53.49 48.56 5.66 7.06 5.06
Lingshu-7B (LASA Team et al., 2025) 23.70 55.19 66.51 50.22 59.81 57.03 51.86 5.28 7.07 4.96
Lingshu-32B (LASA Team et al., 2025) 24.72 53.22 61.44 49.52 54.34 56.01 49.61 5.67 7.36 5.30
MedGemma1.5-4B (Sellergren et al., 2026) 22.83 49.83 56.45 50.06 52.50 51.64 46.65 7.55 9.76 6.84
MedGemma-27B (Sellergren et al., 2025) 37.79 45.96 57.57 47.02 51.26 54.40 48.98 14.30 20.30 13.18

4 Experiment
4.1 Experiment Settings
Evaluation Models. We benchmark 23 MLLMs
from three groups: proprietary models, open-
source generalist models, and medical-domain
models. The proprietary group includes GPT
(OpenAI, 2026, 2025b), Gemini (Google Deep-
Mind, 2025; Google, 2026), Claude (Anthropic,
2026), and GLM (Z.AI, 2026) families. The open-
source group covers representative models from
the GLM4.1V(GLM-V Team et al., 2026), LLaVA-
OneVision(Li et al., 2024a), InternVL3.5(Wang
et al., 2025b), Qwen2.5-VL(Bai et al., 2025b),
Qwen3-VL(Bai et al., 2025a), and Qwen3.5(Qwen
Team, 2026) families, with model sizes ranging
from 7B to 397B parameters. The medical-related
group includes HuatuoGPT-V(Chen et al., 2024),
HuluMed(Jiang et al., 2025), Lingshu(LASA Team
et al., 2025), and MedGemma(Sellergren et al.,
2025).
Evaluation Setting. We use a unified visual input
budget by uniformly sampling 64 frames from each
video for all models. We use GPT-5-mini (OpenAI,
2025a) as the judge model for evaluation, as it shows
close agreement with human expert judgments on

the evaluation subset (See Appendix D.1). All
open-source models are evaluated on 8 RTX 4090
GPUs. Additional implementation and evaluation
details are provided in Appendix Sec F.

4.2 Main Results
General-purpose proprietary models show the
strongest surgical reasoning performance. As
shown in Table 3, proprietary models achieve the
strongest overall performance across most seman-
tic CoT metrics. GPT-5.4-Thinking obtains the
best overall F1 score of 67.35%, while Gemini-3-
Flash-Preview and Gemini-2.5-Pro also maintain
competitive performance among proprietary mod-
els. Among open-source models, the Qwen3-VL
and Qwen3.5 families show the most competitive
performance, with Qwen3-VL-32B-Thinking reach-
ing 63.60% overall F1 and Qwen3.5-397B-A17B-
Thinking reaching 61.74%. In contrast, medical-
domain models do not show a consistent advantage
over general-purpose MLLMs, suggesting that med-
ical knowledge specialization alone is insufficient
for robust surgical video reasoning.
Knowledge-driven reasoning is stronger than
visually grounded perception. Across model
families, performance on Medical Knowledge and
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Causal Reasoning is generally higher than perfor-
mance on Visual Perception. For example, GPT-5.2
achieves 66.68% F1 on Medical Knowledge and
74.64% F1 on Causal Reasoning, but only 60.21%
F1 on Visual Perception. A similar pattern appears
in most open-source and medical-domain mod-
els. This gap indicates that current MLLMs are
more effective at leveraging clinical knowledge and
reasoning patterns than at extracting fine-grained
visual evidence from surgical videos.
Precision and recall reveal different reasoning
behaviors. The semantic reasoning metrics show
that models differ not only in overall F1 but also
in how they generate reasoning traces. Several
proprietary models achieve high recall, indicating
broad coverage of key reasoning steps, but their
precision is often lower, suggesting that richer rea-
soning traces may include less targeted content. In
contrast, Qwen3-VL-32B-Thinking shows a more
balanced profile, achieving 65.43% overall recall
and 61.87% overall precision. This suggests that
finer-grained visual perception can significantly
improve the performance of surgical intelligence
in clinical reasoning. Fine-grained interaction
modeling and temporal synthesis tasks remain
challenging. The fine-grained results in Fig 5 show
that model performance is highly uneven across
task types. Many models perform well on tasks
with explicit procedural or semantic cues, such as
instrument detection (ID), phase recognition (PR),
and surgical action analysis (SA). For example,
GPT-5.2-Thinking achieves 87.7 on ID, 87.0 on
PR, and 90.2 on SA. However, performance drops
substantially on tasks requiring fine-grained inter-
action modeling and temporal synthesis. Even the
best-performing model reaches only 37.4 on triplet
extraction (TE) and 38.4 on surgical summarization
(SS). These results suggest that current MLLMs
can recognize salient surgical states and procedural
cues, but still struggle to integrate instrument-tissue
interactions, temporal context, and clinical knowl-
edge into coherent surgical video understanding.
Temporal grounding remains a major bottle-
neck. As shown in Table 3, all model families
struggle with temporal localization. Even the best-
performing model, GPT-5.4-Thinking, reaches only
23.70% mIoU and 21.77% IoU@0.5. Open-source
models perform competitively in some cases, with
Qwen3-VL-32B-Thinking achieving 20.08% mIoU,
but most medical-domain models remain substan-
tially lower. These results suggest that identifying
when relevant evidence occurs in surgical videos

Table 4: Effect of input settings. Delta rows indicate the
performance change compared with the previous setting.
Green and red denote gains and drops, respectively.

Setting mIoU Short Mid Long
Gemini-2.5-Flash
T Only - 22.10 23.93 25.88
T + 1F 3.26 42.22 43.51 47.14
+ 64F 15.93 50.16 49.77 52.01

∆ +12.67 +7.9 +6.2 +4.9
+ Timestamp 18.30 49.94 48.48 55.03

∆ +2.37 -0.2 -1.3 +3.0
+ CoT 18.49 52.90 47.93 55.30

∆ +0.19 +3.0 -0.5 +0.3

Qwen3-VL-8B-Ins
T Only - 20.45 19.87 26.74
T + 1F 3.30 31.82 36.32 31.83
+ 64F 8.56 41.93 42.74 42.45

∆ +5.26 +10.1 +6.4 +10.6
+ Timestamp 18.59 43.47 43.33 41.72

∆ +10.03 +1.5 +0.6 -0.7
+ CoT 19.40 43.74 43.42 43.36

∆ +0.81 +0.3 +0.1 +1.6

remains difficult for current MLLMs, even when
they can produce plausible semantic reasoning.
Impact of temporal context and prompting strat-
egy. We study how visual context, timestamp in-
formation, and CoT prompting affect model perfor-
mance using Gemini-2.5-Flash and Qwen3-VL-8B-
Ins. As shown in Table 4, replacing single-frame
input with 64-frame video input yields the largest
improvement for both models. Gemini-2.5-Flash
improves from 3.26 to 15.93 mIoU, while Qwen3-
VL-8B-Ins improves from 3.30 to 8.56 mIoU, with
consistent gains across short, mid-length, and long
videos. Adding explicit timestamps further im-
proves temporal grounding, especially for Qwen3-
VL-8B-Ins, whose mIoU increases from 8.56 to
18.59. CoT prompting brings additional but smaller
gains, with the clearest benefit on long videos,
where Qwen3-VL-8B-Ins improves from 41.7 to
43.3. These results show that UniSurgBench de-
pends strongly on visual-temporal evidence, while
timestamp cues and step-wise reasoning further
help models localize evidence and answer long-
form surgical questions.

5 Conclusion
This paper introduces UniSurgBench, a uni-

fied surgical video benchmark for evaluating open-
ended reasoning in clinical workflows. Through
expert-curated video question-answer samples,
structured rationales, temporal evidence annota-
tions, and a two-stage evaluation pipeline, UniSurg-
Bench distinguishes itself from existing surgical
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benchmarks by evaluating MLLMs from both pro-
cess and outcome perspectives. By assessing
23 proprietary, open-source, and medical-domain
MLLMs, we characterize current model perfor-
mance across visual perception, medical knowledge,
causal reasoning, answer correctness, and temporal
grounding. Our findings reveal a clear gap between
knowledge-driven reasoning and visually grounded
surgical video understanding, providing valuable
insights for developing more reliable MLLMs for
surgical intelligence.

6 Limitations

Data coverage. UniSurgBench provides broad
coverage across surgical procedures and anatomi-
cal structures, but its data distribution is still con-
strained by publicly available educational videos.
The benchmark is constructed from professionally
narrated videos collected from WebSurg and med-
ical YouTube channels, which often have clearer
views, cleaner narration, and more structured work-
flows than raw operating-room recordings. As a
result, UniSurgBench may not fully capture varia-
tions in camera systems, surgeon styles, institutional
protocols, rare complications, or noisy intraoper-
ative environments. Future extensions should in-
corporate more multi-center, multi-device, and less
curated surgical videos to better approximate real
clinical deployment settings.

Annotation subjectivity. Although UniSurg-
Bench uses expert review and human-in-the-loop
quality control, some annotations inevitably in-
volve clinical judgment. This is especially true
for high-level tasks such as intent inference, safety
assessment, pathology inference, and surgical sum-
marization, where multiple clinically plausible in-
terpretations may exist. The provided question-
answer-clue triplets and structured rationales are
therefore best viewed as expert-aligned reference
annotations rather than the only possible reason-
ing path. Expanding expert panels and reporting
finer-grained inter-rater agreement would further
strengthen annotation reliability.

Automatic evaluation. SurgExpEval enables
scalable evaluation of open-ended responses by
extracting structured reasoning components and
applying category-aware semantic matching. How-
ever, the framework relies on an LLM judge for
response parsing and semantic scoring. Although
we validate the judge model against clinical experts
on a held-out subset, automatic evaluation may

still be affected by model-family bias, response-
style sensitivity, or imperfect calibration of partial
matches. Future work could improve robustness
through judge ensembles, larger expert-validated
subsets, and more detailed analyses of disagreement
cases.

Clinical deployment. UniSurgBench is de-
signed as a diagnostic benchmark for surgical video
reasoning, not as a validation study for clinical
deployment. The current evaluation measures an-
swer correctness, reasoning quality, and temporal
grounding under a fixed input setting, but it does
not assess real-time interaction, surgeon-AI collab-
oration, downstream patient outcomes, or safety-
critical decision-making. Therefore, strong per-
formance on UniSurgBench should be interpreted
as evidence of improved surgical video reasoning,
rather than direct evidence of clinical readiness.

7 Ethical Considerations

Data privacy and intended use. UniSurgBench
is constructed from publicly available educational
surgical videos collected from WebSurg (WebSurg,
2026) and medical YouTube (YouTube, 2026) chan-
nels. We use videos intended for professional ed-
ucation or public medical communication, and all
collected videos are reviewed to remove irrelevant,
unsafe, or privacy-sensitive content. We further
de-identify videos when necessary and do not in-
tentionally retain patient-identifiable information.
UniSurgBench is intended for research evaluation of
surgical video reasoning, and any future extension
involving hospital-owned or raw operating-room
recordings should require appropriate institutional
review, data-use agreements, and patient consent
procedures.

Clinical safety. UniSurgBench should not be
interpreted as a clinical deployment benchmark.
The dataset and evaluated MLLMs are designed for
controlled research evaluation, not for guiding diag-
nosis, treatment, intraoperative actions, or patient
management. Model outputs may be incomplete,
temporally misgrounded, or clinically misleading
in safety-critical settings. Therefore, benchmark
performance should be viewed as evidence of sur-
gical video reasoning capability under the defined
evaluation protocol, rather than evidence of clinical
readiness.

Human annotation and automatic evaluation.
The construction of UniSurgBench involves ex-
pert review and human-in-the-loop quality con-
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trol, but clinical reasoning annotations may still
reflect expert judgment and task-specific assump-
tions. SurgExpEval further relies on LLM-based
structured extraction and semantic matching to eval-
uate open-ended responses at scale. Although we
validate the judge model against clinical experts
on a held-out subset, automatic evaluation may
still introduce model-family bias, response-style
sensitivity, or inconsistent calibration of partial
matches. High-stakes use cases should therefore
include independent expert review and additional
validation.

Potential misuse. UniSurgBench is intended
to support reliable and interpretable research on
MLLMs for surgical intelligence. However, bench-
mark scores could be misused to overstate model
capability or imply clinical approval. We encourage
users to report results together with the benchmark
scope, data limitations, and evaluation protocol,
and to avoid using UniSurgBench as evidence that
a model is safe for real-world surgical assistance
without prospective clinical validation.

Reproducibility Statement. We plan to release
UniSurgBench and its evaluation resources to the
research community after the acceptance of the
manuscript through a controlled application-and-
review process. Since the benchmark is derived
from publicly available medical educational sur-
gical videos and may involve potential privacy,
copyright, and safety-related risks, all applicants
will be required to complete an officially autho-
rized application form specifying their research
purpose, intended scope of use, data protection
measures, and expected usage. Upon approval, the
dataset may only be used for non-commercial re-
search, model evaluation, and validation purposes.
The data must not be used for clinical diagnosis,
treatment decision-making, commercial product
development, or any unauthorized redistribution.
We also plan to release the evaluation protocol, task
definitions, evaluation scripts, prompt templates,
and necessary metadata to facilitate reproducibility
and fair comparison.
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Appendix Contents

We organize the appendix content as follow:
Appendix A Related Work
Appendix B Detailed Task Definition
Appendix C Detailed Annotation Pipeline
Appendix D Human Alignment and Ablation on
Judge Model
Appendix E Detailed Dataset Statistic
Appendix F Experiment Setting and Frame Sam-
pling Ablation
Appendix G Detailed Experiment Result and More
Ablation on Main Result
Appendix H Prompt Templates
Appendix I Case Study

A Related Work

A.1 Surgical Video Understanding
Recent studies have advanced surgical video un-

derstanding by constructing surgical QA datasets,
pretraining multimodal models on instructional
videos, and adapting MLLMs to surgical scenar-
ios (Yuan et al., 2024b,c; Li et al., 2024b; Wang
et al., 2025a; Jin and Jeong, 2024; Chen et al.,
2025b; Zeng et al., 2025). Early efforts focused on
procedure-specific image or video QA datasets built
from open-source surgical data, enabling models
to recognize basic surgical elements and answer
scene-level questions (Seenivasan et al., 2022; Yuan
et al., 2024a; He et al., 2024; Wang et al., 2025a;
Zeng et al., 2025). Another line of work leverages
instructional videos, expert narration, and hierarchi-
cal textual information to learn fine-grained surgical
representations and procedural context (Yuan et al.,
2024b,c; Perez et al., 2026a; Li et al., 2026b). More
recent methods explore stronger multimodal capa-
bilities, including long-range temporal modeling,
video QA, multi-task learning, and surgical instruc-
tion tuning (Li et al., 2024b; Jin and Jeong, 2024;
Zeng et al., 2025; Chen et al., 2025b; Zhang et al.,
2024). Despite these advances, existing resources
remain limited for evaluating clinically grounded
surgical video reasoning: many focus on static im-
ages, single procedures, or task-specific supervision
(Seenivasan et al., 2022; He et al., 2024; Liu et al.,
2026a; Zhu et al., 2026; Low et al., 2026), and most
evaluations emphasize answer correctness rather
than whether responses are supported by temporal
evidence and structured reasoning. UniSurgBench
addresses this gap by providing an open-ended,
workflow-guided benchmark with temporal clues

and structured rationales for process-aware evalua-
tion across diverse surgical workflows.

A.2 Reasoning Multimodal Large Language
Models

Reasoning has become a core capability of mul-
timodal large language models (MLLMs), particu-
larly in medical scenarios that require diagnostic in-
ference, clinical question answering, and evidence-
grounded decision-making (Li et al., 2023; Tu et al.,
2024; Saab et al., 2024; He et al., 2023; Royer
et al., 2024; Mo and Liang, 2024; Wang et al.,
2025d; Mullappilly et al., 2025). Recent medi-
cal MLLMs have further advanced this capability
through expert-style chain-of-thought prompting,
reinforcement learning, and explicit alignment be-
tween visual evidence and intermediate clinical
rationales (Liu et al., 2024; Lai et al., 2026; Liu
et al., 2026b; Sun et al., 2024; Guo et al., 2025;
Niu et al., 2025; Rezaei et al., 2025). In surgical
video understanding, emerging models place in-
creasing emphasis on procedure-aware reasoning
and temporal understanding, adopting paradigms
such as plan-execute-reflect reasoning, reinforce-
ment learning, operative zone identification, phase
recognition, risk warning, and rationale generation
(Hao et al., 2025; Qin et al., 2026; Perez et al.,
2026b). This trend reflects an important shift from
answer-only prediction toward process-aware clini-
cal intelligence, where models are expected not only
to produce correct outputs but also to justify them
with temporally and visually grounded evidence.
Such grounding is especially critical in surgery,
where clinically meaningful judgments often de-
pend on subtle procedural transitions, tool–tissue
interactions, and context accumulated over time
(Hao et al., 2025; Qin et al., 2026; Perez et al.,
2026b). However, existing evaluations still provide
limited support for assessing open-ended reasoning
quality, temporal grounding, and rationale faith-
fulness in surgical videos (He et al., 2023; Royer
et al., 2024; Mo and Liang, 2024). UniSurgBench
addresses this gap by pairing structured rationales
with temporal clues and by introducing SurgExpE-
val to evaluate both the reasoning process and the
final answer outcome.

A.3 Multimodal Surgery QA Benchmarks
Surgical QA benchmarks provide essential

testbeds for evaluating multimodal models in clini-
cally relevant surgical scenarios. Early benchmarks
primarily focused on image-based QA, scene re-
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Table 5: Performance comparison on semantic reasoning evaluation, including visual perception (VP), medical
knowledge (MK), and causal reasoning (CR). We report Recall (Rec), Precision (Pre), and F1. Top-1 and Top-2
values in each metric column are highlighted.

Model Visual Perception Medical Knowledge Causal Reasoning Overall
Rec Pre F1 Rec Pre F1 Rec Pre F1 Rec Pre F1

Proprietary Models

GPT-5.4-Thinking (OpenAI, 2026) 77.42 43.58 55.77 86.24 57.23 68.80 82.72 70.59 76.17 82.13 57.08 67.35
GPT-5.2-Thinking (OpenAI, 2025b) 72.83 51.32 60.21 79.21 57.57 66.68 79.27 70.53 74.64 77.10 59.75 67.33
Gemini-2.5-pro (Google DeepMind, 2025) 66.26 40.94 50.61 77.09 46.67 58.14 70.69 58.07 63.76 71.35 48.52 57.76
Gemini-3-Flash-Preview (Google, 2026) 65.29 48.48 55.64 71.09 55.72 62.47 70.01 64.56 67.18 68.80 56.20 61.86
Claude-Sonnet-4.6 (Anthropic, 2026) 71.83 36.33 48.25 79.32 40.37 53.51 71.78 55.17 62.39 74.31 43.93 55.22
GLM-5 (Z.AI, 2026) 58.54 41.77 48.75 71.52 40.27 51.52 63.56 51.32 56.79 64.54 44.46 52.65

Open-source Models

GLM4.1V-Thinking-9B (GLM-V Team et al., 2026) 11.28 52.61 18.57 41.74 59.37 49.02 51.37 63.08 56.63 34.79 60.28 44.12
LLaVA-OneVision-7B (Li et al., 2024a) 22.92 37.46 28.44 51.09 45.36 48.05 45.37 48.67 46.96 39.79 44.27 41.91
InternVL3.5-8B-Thinking (Wang et al., 2025b) 23.98 50.42 32.51 57.26 52.97 55.03 55.49 56.44 55.96 45.58 53.71 49.31
Qwen2.5-VL-7B-Instruct (Bai et al., 2025b) 28.65 44.99 35.01 56.94 48.81 52.56 51.19 50.76 50.97 45.59 48.00 46.77
Qwen3-VL-8B-Thinking (Bai et al., 2025a) 47.38 59.60 52.79 70.92 59.94 64.97 65.25 62.62 63.91 61.18 60.68 60.93
Qwen2.5-VL-32B-Instruct (Bai et al., 2025b) 27.25 37.95 31.72 63.58 45.66 53.15 54.36 52.76 53.55 48.40 46.39 47.37
Qwen3-VL-32B-Thinking (Bai et al., 2025a) 52.61 60.35 56.21 75.13 60.71 67.16 68.54 64.88 66.66 65.43 61.87 63.60
Qwen3.5-35B-A3B (Qwen Team, 2026) 60.70 49.24 54.37 77.30 50.82 61.32 70.43 60.54 65.11 69.48 53.49 60.44
Qwen3-VL-235B-A22B-Thinking (Bai et al., 2025a) 59.01 50.41 54.37 76.38 51.14 61.26 70.15 61.32 65.44 68.52 54.28 60.57
Qwen3.5-397B-A17B-Thinking (Qwen Team, 2026) 64.90 48.71 55.65 80.17 50.43 61.91 72.51 62.17 66.94 72.53 53.75 61.74

Medical-related Models

HuatuoGPT-Vision-7B (Chen et al., 2024) 26.13 48.43 33.95 60.56 47.19 53.05 55.88 53.77 54.80 47.53 49.66 48.57
HuluMed-7B (Jiang et al., 2025) 32.49 33.87 33.16 52.19 51.32 51.75 49.42 52.34 50.84 44.70 44.98 44.84
HuluMed-32B (Jiang et al., 2025) 34.03 37.74 35.79 60.68 50.56 55.16 55.35 53.49 54.40 50.02 47.18 48.56
Lingshu-7B (LASA Team et al., 2025) 23.70 55.19 33.16 66.51 50.22 57.23 59.81 57.03 58.38 50.01 53.86 51.86
Lingshu-32B (LASA Team et al., 2025) 24.72 53.22 33.76 61.44 49.52 54.84 54.34 56.01 55.16 46.83 52.75 49.61
MedGemma-4B (Sellergren et al., 2025) 22.83 49.83 31.32 56.45 50.06 53.07 52.50 51.64 52.07 43.93 49.73 46.65
MedGemma-27B (Sellergren et al., 2025) 37.79 45.96 41.48 57.57 47.02 51.76 51.26 54.40 52.78 48.87 49.08 48.98

lationship modeling, and local instrument-action
interactions (Seenivasan et al., 2022; Yuan et al.,
2024a; He et al., 2024). More recent efforts extend
evaluation toward spatiotemporal understanding
and workflow-aware clinical assessment (Zeng et al.,
2025; Drago et al., 2025; Liu et al., 2026a; Zhu
et al., 2026). For example, EndoBench (Liu et al.,
2026a) and GI-Bench (Zhu et al., 2026) introduce
multidimensional evaluations aligned with clinical
workflows, while SurgViVQA (Drago et al., 2025)
and PitVQA-Anticipation (He et al., 2024) focus
on temporally grounded understanding and event
anticipation. Other benchmarks and models, such
as SUREON (Perez et al., 2026b), SurgCoTBench
(Low et al., 2026), and SurGo-R1, further explore
rationale generation, operative zone identification,
and risk alerting. Despite this progress, existing
benchmarks still provide limited support for fine-
grained, quantitative evaluation of intermediate
reasoning steps and their temporal evidence, which
are critical for assessing whether model predictions
are grounded in surgical videos (Zhang et al., 2025b;
Wang et al., 2025c; Gong et al., 2026). UniSurg-
Bench addresses this gap through open-ended video
question-answer-clue triplets, structured rationales,

temporal clue annotations, and SurgExpEval for
process-aware evaluation.

B Task Definition
UniSurgBench defines 14 workflow-guided tasks

across four levels of surgical video reasoning. The
taxonomy follows the progression from visual per-
ception to action understanding, clinical intent rea-
soning, and scenario-specific knowledge analysis.
All tasks are formulated as open-ended question an-
swering, enabling evaluation of answer correctness,
reasoning quality, and temporal grounding.

B.1 Level 1: Surgical Element Identification
Instrument Detection evaluates whether mod-

els can identify visible surgical instruments and
describe their screen locations, entry or exit, and
state changes. It focuses on evidence-bound recog-
nition of tools and their operative status, such as
cutting, coagulation, suction, irrigation, or clip
firing.

Anatomy Identification evaluates whether mod-
els can identify visible anatomical structures and
describe their spatial relations with instruments or
surrounding tissue planes. It emphasizes evidence-
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Table 6: Strict answer accuracy comparison across fine-grained capability dimensions. Top-1 and Top-2 values in
each metric column are highlighted.

Model Element Identification Operation Analysis Phase Understanding Procedure Understanding Overall
ID AI AR AcR TE IDA PR II SA NSP PI AVI SS DSA

Proprietary Models

GPT-5.4-Thinking (OpenAI, 2026) 48.7 77.1 76.9 78.5 37.4 90.3 87.0 83.3 86.6 81.7 86.7 100.0 39.6 78.3 71.4
GPT-5.2-Thinking (OpenAI, 2025b) 43.5 72.9 63.0 79.0 37.4 87.7 87.0 81.2 90.2 80.5 70.0 62.5 38.4 80.6 68.5
Gemini-2.5-pro (Google DeepMind, 2025) 25.3 56.6 45.8 63.0 26.1 79.2 77.7 64.6 72.0 50.0 56.7 100.0 16.7 56.2 52.1
Gemini-3-Flash-Preview (Google, 2026) 37.7 59.6 39.5 65.8 20.4 80.1 82.4 66.7 69.5 54.9 58.3 37.5 15.9 65.9 53.8
Claude-Sonnet-4.6 (Anthropic, 2026) 34.4 65.1 45.0 68.0 36.0 84.3 78.6 69.4 80.5 61.0 43.3 100.0 15.9 59.4 55.9
GLM-5 (Z.AI, 2026) 24.0 49.4 27.7 61.2 19.0 78.0 63.4 66.7 79.3 52.4 55.0 62.5 6.5 50.2 45.7

Open-source Models

GLM4.1V-Thinking-9B (GLM-V Team et al., 2026) 23.4 34.3 32.4 46.6 6.2 55.1 67.2 52.8 51.2 45.1 45.0 62.5 3.7 32.7 36.5
LLaVA-OneVision-7B (Li et al., 2024a) 12.3 31.9 18.1 38.8 10.4 42.4 50.4 48.6 41.5 43.9 28.3 37.5 2.4 28.6 29.30
InternVL3.5-8B-Thinking (Wang et al., 2025b) 20.8 31.9 26.9 37.4 6.6 43.2 58.0 50.7 51.2 47.6 38.3 25.0 4.9 27.2 32.0
Qwen2.5-VL-7B-Instruct (Bai et al., 2025b) 9.7 22.9 24.4 32.4 4.7 40.3 52.9 50.0 41.5 39.0 40.0 12.5 0.8 22.6 27.3
Qwen3-VL-8B-Thinking (Bai et al., 2025a) 29.9 47.6 34.9 48.4 10.9 62.7 63.9 63.9 58.5 45.1 45.0 37.5 8.2 39.6 41.2
Qwen2.5-VL-32B-Instruct (Bai et al., 2025b) 16.2 27.1 14.3 39.7 7.6 44.5 55.0 55.6 61.0 41.5 41.7 25.0 2.4 22.6 29.8
Qwen3-VL-32B-Thinking (Bai et al., 2025a) 34.4 42.2 37.8 57.5 18.5 67.4 74.4 66.0 67.1 54.9 48.3 62.5 11.4 45.6 46.3
Qwen3.5-35B-A3B (Qwen Team, 2026) 33.8 54.2 47.1 61.2 17.5 74.2 81.1 68.8 68.3 58.5 71.7 50.0 15.1 54.8 52.1
Qwen3-VL-235B-A22B-Thinking (Bai et al., 2025a) 34.4 53.0 37.0 60.7 16.1 75.8 76.1 70.1 70.7 61.0 51.7 75.0 11.4 54.8 49.8
Qwen3.5-397B-A17B-Thinking (Qwen Team, 2026) 37.7 59.6 45.4 66.7 21.3 77.5 84.5 66.7 74.4 61.0 65.0 87.5 18.0 57.6 54.8

Medical-related Models

HuatuoGPT-Vision-7B (Chen et al., 2024) 19.5 34.3 26.5 39.7 7.1 46.2 58.0 52.1 47.6 48.8 45.0 50.0 3.7 24.9 32.5
HuluMed-7B (Jiang et al., 2025) 17.5 27.7 23.5 34.2 2.8 37.3 55.9 46.5 45.1 36.6 28.3 50.0 4.5 23.0 28.2
HuluMed-32B (Jiang et al., 2025) 16.2 42.2 21.4 44.3 5.2 50.4 54.6 51.4 61.0 43.9 35.0 25.0 4.1 23.5 32.3
Lingshu-7B (LASA Team et al., 2025) 18.8 33.7 35.7 46.1 5.7 45.3 61.8 49.3 43.9 47.6 46.7 25.0 4.1 24.9 33.7
Lingshu-32B (LASA Team et al., 2025) 18.8 31.9 40.3 43.8 7.1 50.8 61.8 42.4 48.8 39.0 43.3 50.0 2.4 26.3 33.8
MedGemma1.5-4B (Sellergren et al., 2026) 16.2 30.7 31.9 37.9 7.1 41.1 54.2 34.0 51.2 32.9 50.0 37.5 1.6 28.1 30.1
MedGemma-27B (Sellergren et al., 2025) 22.1 41.0 15.1 49.8 11.8 43.2 58.0 63.9 70.7 45.1 51.7 37.5 2.4 37.8 35.7

supported anatomical recognition rather than un-
supported naming of ambiguous structures.

Anomaly Detection evaluates whether models
can detect abnormal findings or visual impediments
in the surgical field. It covers bleeding, oozing,
smoke, fog, lens contamination, tissue charring,
fluid seepage, critical occlusion, and other cues that
may affect operative progress or risk.

B.2 Level 2: Surgical Operation Analysis

Action Recognition evaluates whether models
can recognize dominant surgical maneuvers and
their temporal transitions. It covers actions such as
retraction, dissection, hemostasis, irrigation, clip-
ping, cutting, and tissue handling, together with
their visible purpose.

Triplet Extraction evaluates whether models
can represent key operations as structured {instru-
ment, action, target} triplets. Each triplet should
be grounded in the video segment and, when appli-
cable, associated with a time window.

Interaction Dynamics evaluates whether models
can explain instrument-tissue and multi-instrument
coordination over time. It covers traction, counter-
traction, exposure, tension modulation, occlusion
management, and role specialization between in-
struments.

B.3 Level 3: Surgical Phase Understanding

Phase Recognition evaluates whether models
can infer the current surgical phase or step from
the observed action sequence, instrument usage,
and exposure state. The predicted phase should be
consistent with the visible workflow and supported
by segment-level evidence.

Intent Inference evaluates whether models can
infer the surgeon’s near-term operative intention. It
covers goals such as improving exposure, clearing
tissue, preparing for clipping, controlling bleeding,
verifying anatomy, or reducing operative risk.

Safety Assessment evaluates whether models
can assess whether the current view supports safe
continuation or transition to a definitive maneuver.
It focuses on risks such as anatomical misidentifi-
cation, poor exposure, thermal spread, excessive
traction, and proximity to critical structures.

Next-Step Prediction evaluates whether models
can predict the most likely immediate next maneu-
ver from exposure, instrument readiness, and action
trajectory. It emphasizes short-horizon predictions
grounded in the current segment rather than generic
procedure-level expectations.
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Table 7: Lenient accuracy comparison across fine-grained capability dimensions. Overall is computed as the
sample-weighted average across all subtasks. Top-1 and Top-2 values in each metric column are highlighted.

Model Element Identification Operation Analysis Phase Understanding Procedure Understanding Overall
ID AI AR AcR TE IDA PR II SA NSP PI AVI SS DSA

Proprietary Models

GPT-5.4-Thinking (OpenAI, 2026) 90.3 96.4 95.8 90.9 89.6 97.5 93.7 98.6 98.8 90.2 93.3 100.0 81.2 95.4 92.8
GPT-5.2-Thinking (OpenAI, 2025b) 83.8 92.8 95.0 93.6 89.1 97.5 94.1 97.9 98.8 93.9 85.0 87.5 82.0 96.3 92.3
Gemini-2.5-Pro (Google DeepMind, 2025) 79.9 88.0 89.1 89.5 83.9 99.2 89.1 95.1 95.1 74.4 71.7 100.0 72.7 88.5 86.8
Gemini-3-Flash-Preview (Google, 2026) 78.6 93.4 86.6 91.8 82.5 97.5 92.9 94.4 96.3 84.1 85.0 87.5 69.8 91.7 87.8
Claude-Sonnet-4.6 (Anthropic, 2026) 78.6 90.4 82.8 90.0 88.2 97.5 91.2 94.4 96.3 78.0 66.7 100.0 68.6 90.3 86.5
GLM-5 (Z.AI, 2026) 68.8 80.1 74.4 85.4 73.0 98.3 79.0 93.8 98.8 78.0 78.3 75.0 32.7 82.5 76.9

Open-source Models

GLM4.1V-Thinking-9B (GLM-V Team et al., 2026) 83.8 83.1 81.5 87.2 68.2 97.0 88.2 96.5 93.9 80.5 81.7 100.0 80.4 86.2 85.1
LLaVA-OneVision-7B (Li et al., 2024a) 57.8 65.1 53.4 75.3 46.9 89.0 64.3 84.0 80.5 67.1 56.7 62.5 38.0 74.7 64.7
InternVL3.5-8B-Thinking (Wang et al., 2025b) 75.3 78.3 75.2 73.5 70.6 94.9 82.4 90.3 82.9 81.7 68.3 62.5 69.4 89.9 79.6
Qwen2.5-VL-7B-Instruct (Bai et al., 2025b) 62.3 68.7 66.0 74.9 57.3 89.4 75.2 93.1 84.1 79.3 70.0 87.5 39.2 79.7 70.8
Qwen3-VL-8B-Thinking (Bai et al., 2025a) 81.8 79.5 78.6 85.8 75.4 97.5 85.7 95.1 95.1 78.0 70.0 100.0 73.5 89.9 83.9
Qwen2.5-VL-32B-Instruct (Bai et al., 2025b) 61.0 76.5 58.4 78.5 49.8 95.3 80.3 96.5 92.7 81.7 75.0 75.0 31.0 84.8 71.6
Qwen3-VL-32B-Thinking (Bai et al., 2025a) 74.7 83.1 79.8 90.0 83.4 94.9 87.8 96.5 91.5 80.5 70.0 100.0 78.0 90.8 85.5
Qwen3.5-35B-A3B (Qwen Team, 2026) 83.1 86.1 88.7 90.0 82.9 95.3 92.0 91.7 90.2 81.7 88.3 75.0 65.7 91.2 86.5
Qwen3-VL-235B-A22B-Thinking (Bai et al., 2025a) 81.8 86.1 87.0 88.6 80.1 96.6 87.4 97.2 97.6 81.7 75.0 100.0 64.9 90.3 85.6
Qwen3.5-397B-A17B-Thinking (Qwen Team, 2026) 83.8 88.0 82.4 87.7 83.4 95.8 94.5 95.1 93.9 86.6 88.3 100.0 72.7 90.3 87.4

Medical-related Models

HuatuoGPT-Vision-7B (Chen et al., 2024) 76.0 80.7 76.1 84.5 60.7 93.2 80.7 91.7 86.6 74.4 80.0 100.0 55.5 81.6 77.8
HuluMed-7B (Jiang et al., 2025) 63.0 79.5 69.3 82.2 39.3 91.1 82.8 93.1 84.1 72.0 60.0 100.0 46.9 83.4 72.6
HuluMed-32B (Jiang et al., 2025) 68.8 85.5 69.3 86.3 44.5 96.6 77.3 91.7 92.7 76.8 76.7 87.5 53.9 80.6 75.6
Lingshu-7B (LASA Team et al., 2025) 66.9 79.5 76.5 84.9 71.1 94.5 84.9 93.8 79.3 80.5 76.7 87.5 60.4 86.2 79.7
Lingshu-32B (LASA Team et al., 2025) 55.8 68.7 78.6 78.1 58.8 91.5 79.4 81.2 86.6 72.0 71.7 100.0 38.4 77.4 71.6
MedGemma1.5-4B (Sellergren et al., 2026) 65.6 77.1 76.1 80.8 54.0 90.7 73.9 86.8 86.6 68.3 78.3 75.0 45.3 84.3 73.5
MedGemma-27B (Sellergren et al., 2025) 59.1 78.9 33.6 75.3 60.7 55.1 79.8 93.8 93.9 81.7 80.0 75.0 40.0 90.8 67.1

B.4 Level 4: Surgical Procedure
Understanding

Pathology Inference evaluates whether models
can infer pathology-related findings from visible
tissue appearance or transcript-supported evidence.
It covers inflammation, edema, fibrosis, adhesions,
friability, exudate, and abnormal tissue planes when
these cues are supported by the segment.

Anatomical Variation Inference evaluates
whether models can identify evidence suggestive of
anatomical variation and reason about its surgical
implications. It focuses on unusual structure course,
branching, exposure, or isolation difficulty and their
impact on strategy or risk control.

Surgical Summarization evaluates whether
models can generate a concise segment-level intra-
operative summary. The summary should cover
key actions, findings, difficulties or complications,
mitigation steps, and segment-level outcome.

Difficulty-Specific Assessment evaluates
whether models can identify what makes a segment
more difficult or different from a routine case. It
covers factors such as dense adhesions, persistent
oozing, smoke-impaired view, unclear anatomy,
frequent instrument changes, poor exposure, or
high-risk proximity to critical structures.

Across all tasks, answers should be grounded
in visible video evidence, timestamped clues, or

transcript-supported observations. When key cues
are missing, occluded, or ambiguous, models may
answer Unverifiable or Not supported while speci-
fying the missing evidence.

C Annotation Pipeline

C.1 Annotation Model Selection
Before the formal annotation process, we system-

atically compared the video captioning capabilities
of mainstream proprietary models, strong open-
source models, and medical domain-specific mod-
els in surgical video description scenarios, includ-
ing GPT-5 (OpenAI, 2025a), Gemini-3-pro (Doshi,
2025), Claude-4.5-Opus (Anthropic, 2025), Qwen3-
VL-235B-A22B-Thinking (Bai et al., 2025a), and
MedGemma-27B (Sellergren et al., 2025). In this
setting, we use carefully designed video caption
prompts to instruct candidate models to generate
very detailed video captions for 45 representative
surgical videos with various surgical procedures.
After that, we invited two senior surgeons with more
than 10 years of experience to conduct a comprehen-
sive evaluation of the video descriptions generated
by the five candidate models, considering halluci-
nation frequency, knowledge accuracy, visual con-
sistency, spatial-temporal localization ability, and
clinical adoption confidence. As shown in Table 10,
the evaluation results show that GPT-5-Thinking
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Table 8: Performance comparison on temporal grounding and temporal answer accuracy across proprietary,
open-source, and medical-related models on curation accuracy and temporal grounding. Top-1 and Top-2 values in
each metric column are highlighted.

Model Acc@Short Acc@Mid Acc@Long mIoU IoU@0.3 IoU@0.5

Proprietary Models

GPT-5.4-Thinking (OpenAI, 2026) 70.51 73.18 71.34 23.70 34.73 21.77
GPT-5.2-Thinking (OpenAI, 2025b) 67.06 71.73 67.58 23.03 33.05 21.66
Gemini-2.5-pro (Google DeepMind, 2025) 50.47 55.94 54.12 18.64 26.23 17.21
Gemini-3-Flash-Preview (Google, 2026) 53.21 55.56 52.98 21.97 31.38 20.76
Claude-Sonnet-4.6 (Anthropic, 2026) 54.63 60.09 54.85 22.95 33.17 19.97
GLM-5 (Z.AI, 2026) 44.48 48.93 49.07 20.88 30.77 18.72

Open-source Models

GLM4.1V-Thinking-9B (GLM-V Team et al., 2026) 37.32 35.47 35.79 3.90 4.98 3.52
LLaVA-OneVision-7B (Li et al., 2024a) 30.14 27.68 27.43 4.01 5.00 3.77
InternVL3.5-8B-Thinking (Wang et al., 2025b) 32.89 31.15 28.76 8.49 11.23 7.76
Qwen2.5-VL-7B-Instruct (Bai et al., 2025b) 27.71 26.49 27.46 9.92 13.42 9.26
Qwen3-VL-8B-Thinking (Bai et al., 2025a) 42.96 39.42 35.08 18.97 26.21 18.30
Qwen2.5-VL-32B-Instruct (Bai et al., 2025b) 29.83 30.37 29.31 5.31 6.96 4.94
Qwen3-VL-32B-Thinking (Bai et al., 2025a) 48.52 44.09 40.84 20.08 27.50 19.46
Qwen3.5-35B-A3B (Qwen Team, 2026) 51.87 52.41 53.56 15.46 22.12 14.18
Qwen3-VL-235B-A22B-Thinking (Bai et al., 2025a) 48.84 52.58 47.83 17.97 25.58 16.83
Qwen3.5-397B-A17B-Thinking (Qwen Team, 2026) 56.05 54.02 49.09 15.69 22.10 15.17

Medical-related Models

HuatuoGPT-Vision-7B (Chen et al., 2024) 33.08 32.74 26.82 7.75 10.95 6.77
HuluMed-7B (Jiang et al., 2025) 28.61 27.36 27.49 4.61 5.39 4.12
HuluMed-32B (Jiang et al., 2025) 31.97 33.42 33.86 5.66 7.06 5.06
Lingshu-7B (LASA Team et al., 2025) 34.35 32.29 36.91 5.28 7.07 4.96
Lingshu-32B (LASA Team et al., 2025) 35.14 34.68 21.77 5.67 7.36 5.30
MedGemma1.5-4B (Sellergren et al., 2026) 29.26 30.83 35.04 7.55 9.76 6.84
MedGemma-27B (Sellergren et al., 2025) 35.09 37.65 33.81 14.30 20.30 13.18

achieved superior performance in hallucination fre-
quency, knowledge accuracy, and clinical adoption
confidence, while Gemini-3-pro performed bet-
ter in spatial-temporal localization. Therefore, in
the subsequent annotation process, we used GPT-
5-Thinking as the primary annotation expert and
introduced Gemini-3-pro to ensure the accuracy
of spatial-temporal localization and multimodal
perception. In addition, to avoid potential biases
introduced by model priors, we excluded GPT-5-
Thinking and Gemini-3-pro from the evaluation
and instead assessed other model variants released
around the same period.

C.2 Hierarchical Video Captioning
Hierarchical video captioning generates visual

descriptions at three temporal granularities, namely
Task, Step, and Phase, following the same hierarchy
as the surgical segmentation.

Task-Level Captioning. For each Task-level
clip, we uniformly sample 32 frames and combine
them with the ASR transcript as input to GPT-
5 (OpenAI, 2025a). The model generates a dense,

evidence-first visual caption covering instruments
(morphology, position, operational state, and con-
tact intervals), tissues (appearance and pathological
cues), and visual phenomena (bleeding, smoke, and
occlusion). All timestamps are expressed relative
to the start of the segment.

Step-Level Captioning. For each Step-level seg-
ment, all Task-level captions within the Step are pro-
vided together with 64 uniformly sampled frames.
The model aggregates and deduplicates the child
captions’ instrument–action–target triplets while
preserving monotonic temporal ordering and their
containment relationship with Task-level intervals.
The output emphasizes action-chain continuity and
causal transitions between tasks within the Step.

Phase-Level Captioning. For each Phase-level
segment, all Step-level captions and 64 densely
sampled frames are used as input. The model
consolidates multiple Steps into a coherent descrip-
tion that highlights stage-wise intent shifts (e.g.,
exposure → key dissection → control/removal →
inspection/closure) and maintains consistency with
lower-level temporal anchors.
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Table 9: Judge-model comparison on a human-alignment subset of 200 video-QAC samples balanced across
tasks and surgical specialties. The subset includes responses from three representative models: a proprietary model,
an open-source model, and a medical-domain model. GPT-5-mini achieves the strongest agreement with human
experts, with a per-sample Pearson correlation coefficient of R = 0.935 computed against the averaged human
ratings.

Judge GPT-5.2-Thinking Qwen3-VL-8B-thinking MedGemma-27B
CoT F1 Ans. Acc. CoT F1 Ans. Acc. CoT F1 Ans. Acc.

Human Expert
Senior surgeon 68.92 70.88 55.21 38.57 42.09 29.96
Surgical AI expert 65.37 59.24 60.46 39.84 45.31 26.22

LLM Judges
GPT-5-mini (OpenAI, 2025a) 67.33 68.64 60.93 41.32 48.98 35.67
Gemini-3-Flash-Preview (Google, 2026) 56.63 75.02 50.22 54.18 45.90 48.24
Claude-Haiku-4.5-20251001 (Anthropic, 2025) 46.30 25.36 37.52 6.68 34.06 6.68

Table 10: Human preference evaluation for selecting the annotation model. DH, MK, VC, TL, and CAC denote
description hallucination control, medical knowledge, visual consistency, temporal localization, and clinical adoption
confidence, respectively. Higher scores indicate better human preference.

Model DH MK VC TL CAC Overall

GPT-5-Thinking (OpenAI, 2025a) 5 5 5 4 5 24
Gemini-3-Pro (Doshi, 2025) 4 4 5 5 4 22
Claude-4.5-Opus (Anthropic, 2025) 4 4 4 3 4 19
Qwen3-VL-235B-A22B-Thinking (Bai et al., 2025a) 3 4 3 4 3 17
MedGemma-27B (Sellergren et al., 2025) 3 3 3 2 3 14

C.3 Key-Frame Verification

Each QAC triplet contains Observation items
with explicit timestamp intervals. To verify whether
the claimed visual evidence is present in the corre-
sponding video segment, we implement a key-frame
verification step using Gemini-3-Pro (Doshi, 2025)
as the judge.

Adaptive Frame Sampling. Frames are sampled
using a two-density strategy: (1) dense sampling
within the timestamp windows cited by the CoT Ob-
servation items; and (2) sparse sampling over the
remaining portions of the segment. This strategy
ensures that critical visual moments are well rep-
resented while keeping the total number of frames
manageable.

Verification Judgment. Given the sampled
frames and the visual caption, the model evaluates
each QAC triplet along seven dimensions: factual-
ity, visual grounding, temporal grounding, answer
uniqueness, question quality, professionalism, and
surgical suitability. Each dimension is scored using
a carefully designed 1–3 Likert scale. Samples
receiving a Reject verdict with a total score below
20 are removed from the annotation pool. This
verification step filters out 701 QAC pairs.

C.4 Language-only Leakage Filtering
A central design requirement of UniSurgBench

is that correct answers should rely on visual and
contextual evidence from the video rather than
solely on linguistic priors in the question text. To
enforce this requirement, we apply a language-only
leakage test to all remaining candidates after key-
frame verification.

Procedure. Each question is submitted to GPT-5-
mini (OpenAI, 2025a) with only the question text as
input. The model determines whether the question
can be answered using generic surgical knowledge
and linguistic cues alone. If the language-only an-
swer semantically matches the ground-truth answer,
as judged by the SurgExpEval Conclusion scoring
rubric, the sample is flagged as language-leaking
and removed.

Prompt for Language-only Leakage Detection
Role. You are a surgical knowledge expert. You will be
given a surgical video question without any visual input.
Your task is to assess whether the question can be answered
correctly based on general surgical knowledge and language
priors alone.
Instructions.
1. Determine whether a knowledgeable surgeon could an-

swer this question correctly without any video evidence.

35144



2. If yes, provide the most likely answer based on surgical
common sense.

3. If no, respond with "Visual evidence required."

Question. {question}
Output.
{

"answerable_without_video": true|false,
"language_only_answer": "...",
"reasoning": "..."

}

This filtering step removes 324 additional QAC
pairs, resulting in the final benchmark of 2,302
high-quality video-QAC triplets.

C.5 Evaluation Rubric in Quality Control
The human-in-the-loop quality control uses a two-

stage iterative verification-and-refinement protocol.
Both stages use the same nine-dimensional Likert-
scale rubric, with each dimension scored from 1 to
5 and a total score ranging from 9 to 45.
Rubric Dimensions:

1. Surgical Scene Validity: Does the segment
show a real intraoperative scene, either endo-
scopic, open, or minimally invasive, with visible
instruments and tissue? Score 5: unambigu-
ous real surgical scene; Score 1: animation or
non-surgical content.

2. Question Clarity: Is the question unambiguous,
causally clear, and self-contained within the
segment? Score 5: unambiguous; Score 1: not
determinable or seriously ambiguous.

3. Segment Match: Does the segment contain suf-
ficient visual information to support the answer?
Score 5: key evidence fully within the segment
boundaries; Score 1: clearly mismatched.

4. Visual Evidence Accuracy: Are the Obser-
vation items accurately described with correct
timestamps and object descriptions? Score 5:
all Observation items are accurate; Score 1:
fabricated or substantially incorrect evidence.

5. Clinical Factuality: Are the medical facts,
anatomical references, and instrument charac-
terizations correct? Score 5: consistent with
surgical standards; Score 1: clear errors or hal-
lucinations.

6. Causal Chain: Is the reasoning chain logically
complete, with correct cause–effect relation-
ships? Score 5: complete and accurate; Score 1:
reversed causality or missing critical links.

7. Reasoning Acceptability: Is the CoT structured
coherently and does it appropriately follow the
Observation / Knowledge / Assessment / Rea-
soning format? Score 5: exemplary; Score 1:
incoherent or missing key components.

8. Answer Correctness: Is the final Answer logi-
cally derived from the CoT and factually correct?
Score 5: correct and fully supported; Score 1:
wrong or unsupported.

9. Overall Quality: Is the sample usable and re-
liable for the benchmark as a whole? Score 5:
excellent and ready to use; Score 1: unusable.

Round-1 Protocol (Automatic). GPT-5 (Ope-
nAI, 2025a) acts as the Verifier, and Gemini-3-
Pro (Doshi, 2025) acts as the Refiner. Multiple
rounds of automatic scoring and revision are con-
ducted for each sample. Samples are assigned to
one of three outcomes: accept (total score ≥ 40),
revise (35–40, up to three rounds), or reject (< 35).
Only samples assigned revise or accept proceed to
Stage 2.

Round-2 Protocol (Expert). Two senior sur-
geons independently reviewed the Stage-1 outputs
under a blinded protocol, following a unified eval-
uation rubric. Both annotators were from general
surgery and had more than 15 years of clinical ex-
perience in hepatobiliary and pancreatic surgery, as
well as in various laparoscopic and open surgical
procedures.

For specialty-specific issues arising in other types
of surgery, we asked the surgeons to review the rel-
evant departmental surgical guidelines and expert
recommendations in advance to calibrate their judg-
ments and conclusions.

In this phase, reviewers are required to watch
the full surgical videos and provide Stage-1 revi-
sions alongside the original transcripts, captions,
and QACs. They then assign scores according to
the rubric. For samples scoring above 35 points,
reviewers manually correct ambiguous anatomical
references, logical inconsistencies, inappropriate
clinical terminology, and selected inaccurate times-
tamp markings to improve sample quality; samples
deemed low quality or exhibiting clear issues are
removed. Inter-rater agreement is quantified using
Cohen’s κ across nine dimensions, and reviewers
discuss any cases with substantial score discrepan-
cies to reach consensus.

In total, 508 samples were labeled as high quality,
1,794 were assessed as requiring revision, and 272
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were labeled as low quality. The Cohen’s κ between
two surgeon is 0.94. Finally, we supply GPT-5 with
the expert scores, revision suggestions, first-round
revised QACs, and video captions, enabling the
annotation model to perform targeted revisions
based on expert feedback.

Alignment with SurgExpEval. The five struc-
tured components used during annotation, namely
Observation, Knowledge, Assessment, Reasoning,
and Conclusion, are the same five categories evalu-
ated by SurgExpEval at inference time. This design
ensures consistency between the annotation rubric
and the evaluation protocol.

D Ablation on the Judge Model

SurgExpEval relies on an LLM judge to score
open-ended model responses. We therefore conduct
an ablation study on the choice of judge model.
This analysis addresses two questions: whether the
default judge agrees with human judgments, and
whether the final scores are sensitive to the judge
model.

D.1 Human Alignment Set

We construct a human alignment set to com-
pare LLM-based scoring with expert review. The
set contains 200 video-QA samples selected from
UniSurgBench, covering all four task groups, 14
subtasks, and 8 main surgical specialist. For each
sample, we include responses from three represen-
tative models: GPT-5.2-Thinking (OpenAI, 2025b),
Qwen3-VL-8B-Thinking (Bai et al., 2025a), and
MedGemma-27B (Sellergren et al., 2025). This
design allows the alignment set to cover diverse
task types, surgical scenarios, and model capability
levels.

D.2 Human Review Protocol

Human reviewers evaluate the alignment set un-
der a blinded protocol. For each sample, reviewers
are shown the video clip, question, ground-truth
annotation, model response, and matched reasoning
items produced by SurgExpEval. Model identities
are anonymized as Model A, Model B, and Model C.
Reviewers score each matched item using the same
0/1/2 scale as the automatic judge, corresponding
to mismatch, partial match, and exact match. This
protocol enables direct fine-grained comparison
between human judgments and LLM judge scores.

D.3 Judge Model Comparison
We used the same prompt template and scoring

rubric to compare GPT-5-mini, Gemini-3-Flash,
and Claude-Haiku-4.5. As shown in Table 9, GPT-
5-mini produces scores that are closest to those of
the human experts, supporting its use as the default
judge model in SurgExpEval. The other judge
models exhibit notable evaluation biases: Gemini-
3-Flash assigns higher answer-accuracy scores but
lower CoT F1 scores, whereas Claude-Haiku-4.5
yields substantially lower overall scores, especially
in answer correctness. These results indicate that
the choice of judge model affects absolute scores,
and that GPT-5-mini achieves the highest agreement
with human expert judgments in performance and
model ranking among the evaluated judge models.

E Dataset Statistics

This section reports additional statistics for
UniSurgBench. Table 11 summarizes the distribu-
tion of task types, and Table 12 reports the anatom-
ical and procedural coverage of the benchmark. Af-
ter quality control, UniSurgBench contains 2,302
video-QAC samples from 254 complete surgical
videos, covering 45 surgical procedures and a di-
verse set of anatomical structures. Each sample is
represented as an open-ended question-answer-clue
triplet, paired with temporally localized evidence
and structured intermediate rationales.

Table 11 shows the distribution of the 14 tasks
across the four capability levels. At the level of
task groups, the dataset contains 559 samples for
Surgical Element Identification, 667 for Surgical
Operation Analysis, 546 for Clinical Intent and
Scene Reasoning, and 530 for Scenario-Specific
Analysis. This distribution prevents the bench-
mark from being dominated by a single capability
level and supports evaluation across a progression
from short-horizon perception to higher-level clin-
ical reasoning. At the subtask level, however, the
distribution remains naturally long-tailed. Some
tasks correspond to relatively infrequent or highly
context-dependent clinical phenomena. For exam-
ple, Anatomical Variation Inference contains only a
small number of samples. For these rare task types,
we applied additional manual verification to ensure
that the questions are clinically meaningful, visu-
ally grounded, and supported by explicit temporal
evidence.

Table 12 further reports the distribution of
anatomical scopes and their corresponding pro-
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cedures. The dataset includes common abdominal
procedures, such as colectomy, gastrectomy, liver
resection, cholecystectomy, splenectomy, and pan-
creatic surgery, as well as procedures from thoracic,
urological, endocrine, orthopedic, ophthalmic, and
neurosurgical settings. These counts should be
interpreted as a coverage summary rather than a
target for uniform sampling. The final distribution
reflects the availability of public educational sur-
gical videos that satisfy our quality criteria, while
retaining procedure-level diversity across different
anatomical regions and workflow patterns.

We also analyze temporal and linguistic prop-
erties of the benchmark. Figure 6 shows the du-
ration distribution across the four capability lev-
els. Lower-level perception and operation-analysis
tasks are typically associated with shorter evidence
windows, whereas reasoning-oriented tasks often
require longer temporal context. Figure 8 reports
the number of clues per QAC sample. Most samples
contain multiple supporting clues, with an average
of approximately six clues per QAC. The average
clue duration is 19.19 seconds, suggesting that the
evidence is temporally localized while preserving
sufficient context for surgical interpretation.

Finally, Figure 7 presents the word distribution of
questions, answers, and reasoning steps. Questions
contain 39.4 words on average, answers contain 51.4
words, and reasoning steps contain 224.7 words.
These statistics reflect the open-ended formulation
of UniSurgBench: we do not reduce surgical video
understanding to short classification labels, but
instead requires models to produce explanatory an-
swers supported by visual evidence and clinical
reasoning. The high-frequency terms are mainly
associated with surgical workflows, anatomical
structures, instruments, operative actions, and clin-
ical assessment, indicating that the collected QAC
samples are centered on clinically relevant surgical
concepts.

F Experimental Setting

During the experimental phase, we use uniformly
sampled 64 frames as the default setting. For
Thinking models, we allocate the maximum avail-
able reasoning budget and close web search. For
non-reasoning models, we explicitly instruct the
model to produce a complete reasoning process
in the prompt, so as to mitigate potential bias in
reasoning-related scores caused by overly sparse
responses. For closed-source models, all evalua-

Table 11: Task and subtask distribution across the
four levels. We sought to maintain a relatively balanced
distribution of task counts. For scarce sample categories,
we adopted more conservative selection and filtering
procedures to preserve the validity of long-tail instances.

Level Task Count

Level 1: Surgical Element Identification
Instrument Detection (ID) 154
Anatomy Identification (AI) 166
Anomaly Recognition (AR) 239
Subtotal 559

Level 2: Surgical Operation Analysis
Action Recognition (AcR) 220
Triplet Extraction (TE) 211
Interaction Dynamics Analysis (IDA) 236
Subtotal 667

Level 3: Surgical Phase Understanding
Phase Recognition (PR) 238
Intent Inference (II) 144
Safety Assessment (SA) 82
Next-Step Prediction (NSP) 82
Subtotal 546

Level 4: Surgical Procedure Understanding
Pathology Inference (PI) 60
Anatomical Variation Inference (AVI) 8
Surgical Summarization (SS) 245
Difficulty-Specific Assessment (DSA) 217
Subtotal 530

Total 2302

tions are conducted through their officially released
APIs. For models with fewer than 70B parameters,
inference is performed using vLLM (Kwon et al.,
2023) with a Transformer implementation acceler-
ated by FlashAttention2 (Dao, 2024). For models
with more than 70B parameters (e.g., Qwen3-297B-
A22B-Thinking), inference is conducted through
the OpenRouter API (OpenRouter, 2026).

F.1 Frame Sampling Budget

Fig 9 reports the effect of the number of sampled
input frames on reasoning quality, answer accuracy,
and temporal grounding. The results show that
model performance generally improves as the num-
ber of frames increases, especially when moving
from single-frame input to multi-frame input. For
Gemini-2.5-Flash, CoT F1 increases from 41.72
with 1 frame to 61.74 with 128 frames, answer
accuracy increases from 36.5 to 53.0, and mIoU
increases from 0.83 to 18.93. Qwen3-VL-8B-Ins.
shows a similar trend, with CoT F1 increasing from
34.71 to 55.26, answer accuracy from 23.7 to 43.1,
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Figure 6: Duration distribution across four different levels. We assigned tasks of varying complexity and visual
difficulty to reduce over-inference and avoid low-quality data.

Figure 7: Word cloud of question, answer, and reasoning steps. The high frequency word in UniSurgBench are
highly consistent with clinical workflow.

and mIoU from 0.85 to 18.04. These results in-
dicate that sparse visual input is insufficient for
open-ended surgical video reasoning, since models
need temporally distributed evidence to recognize
surgical actions, infer clinical intent, and localize
supporting evidence.

In addition, the performance gains do not in-
crease linearly with the number of sampled frames.
Most gains come from increasing the input from
1 frame to 16 or 32 frames, while performance
tends to saturate after 64 frames. For Gemini-2.5-
Flash, 64 frames achieve the best answer accuracy,
mIoU, and duration-specific accuracies, with scores
of 53.2, 19.44, and 51.8, 54.6, and 53.4 on short,
mid-length, and long videos, respectively. When
the input is further increased to 128 frames, CoT
F1 improves only slightly, while the other metrics
decrease slightly. This may be because overly dense
visual input interferes with the model’s knowledge
prior, creating a mismatch between its language
prior and visual signals, which may lead to over-
inference or more conservative descriptions under

uncertainty. Overall, uniform sampling with 64
frames provides a good balance between perfor-
mance and input efficiency. Therefore, we use this
setting in our evaluation for fair comparison.

G Experiment Result
G.1 Results on Semantic CoT Evaluation

Table 5 reports model performance on seman-
tic CoT evaluation across Visual Perception (VP),
Medical Knowledge (MK), Causal Reasoning (CR),
and overall reasoning quality. Proprietary mod-
els achieve the strongest F1 scores overall, with
GPT-5.4-Thinking obtaining the best overall F1
of 67.35%. Among open-source models, Qwen3-
VL-32B-Thinking achieves the highest overall F1
of 63.60%, approaching the leading proprietary
models and outperforming all medical-related mod-
els. Medical-related models show moderate per-
formance but do not exhibit a consistent advantage
over strong general-purpose MLLMs, suggesting
that domain-specific tuning alone is insufficient for
robust surgical video reasoning.
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Figure 8: Clue number distribution. Most QAC triplet contains an average of 6 clues in total.

The component-level results further reveal a clear
mismatch between knowledge-driven reasoning and
visually grounded perception. Most models obtain
higher F1 scores on MK and CR than on VP, indi-
cating that current MLLMs are better at leveraging
clinical knowledge and reasoning patterns than ex-
tracting fine-grained visual evidence from surgical
videos. For example, GPT-5.2-Thinking achieves
74.64% F1 on CR and 66.68% on MK, but only
60.21% on VP. This gap is even more pronounced
in many open-source and medical-related models,
where VP is often the lowest-performing compo-
nent. These results support the need to evaluate
surgical MLLMs beyond final answers, since a
model may produce plausible clinical reasoning
while still missing key visual evidence.

Precision and recall further reveal different rea-
soning behaviors across model families. Several
proprietary models achieve high recall, indicating
broad coverage of key reasoning steps, but their
precision is often lower, suggesting that richer rea-
soning traces may also include less targeted content.
In contrast, Qwen3-VL-32B-Thinking achieves the
highest overall precision of 61.87% while maintain-
ing competitive recall and F1, reflecting a more com-
pact and better-aligned reasoning profile. These
results show that semantic CoT evaluation pro-
vides a finer-grained view of model reasoning than
answer-level metrics alone.

G.2 Results on Answer Accuracy
Table 7 reports answer accuracy across 14 fine-

grained task types grouped into four capability

dimensions. The results show that model per-
formance varies substantially across task types,
rather than decreasing monotonically with task
level. Models generally perform well on tasks with
explicit procedural or semantic cues, such as in-
strument detection (ID), phase recognition (PR),
and safety assessment (SA). For example, GPT-5.2-
Thinking reaches 87.7 on ID, 87.0 on PR, and 90.2
on SA, indicating that strong models can recognize
salient surgical states and infer clinically meaning-
ful scene information when the supporting evidence
is explicit.

In contrast, tasks requiring fine-grained interac-
tion modeling or temporal synthesis remain difficult.
Triplet extraction (TE) and surgical summarization
(SS) show consistently lower performance across
model families, even among top-performing pro-
prietary models. GPT-5.2-Thinking reaches only
37.4 on TE and 38.4 on SS, while most open-source
and medical-related models perform substantially
worse. These results suggest that current MLLMs
still struggle to organize instrument–action–target
relations and summarize temporally extended sur-
gical evidence into coherent clinical descriptions.

Table 8 further reports answer accuracy across
short, mid-length, and long videos. Proprietary
models maintain the strongest performance across
all duration groups, with GPT-5.2-Thinking achiev-
ing 67.0, 71.7, and 67.5 on short, mid-length, and
long videos, respectively. Strong open-source mod-
els remain competitive in some settings, especially
Qwen3.5-397B-A17B-Thinking and Qwen3.5-35B-
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Figure 9: Ablation Study on the Frame Sampling Strategy.

A3B, but they still trail the best proprietary models.
Medical-related models generally perform worse
across duration groups, indicating that surgical-
domain adaptation alone does not yet guarantee
robust open-ended surgical QA performance.

As shown in Fig. 11, the category-level heatmap
reveals clear performance heterogeneity across or-
gan and tissue types. Some categories, such as
lung, brain, and abdominal wall, are handled rel-
atively consistently by stronger models, with pro-
prietary systems achieving both high scores and
comparatively stable behavior across these columns.
This suggests that when visual patterns are more
salient or anatomical cues are more readily identifi-
able, current MLLMs can form more reliable judg-
ments. In contrast, categories such as tonsils, joint,
ureter, and skin & soft tissue remain more challeng-
ing, especially for open-source and medical-related
models, which show both lower scores and larger
cross-category fluctuations. Notably, the gap be-
tween proprietary and non-proprietary models is
not uniform across categories: it becomes more
pronounced on structurally complex or visually
ambiguous regions such as brain, retroperitoneum,
bone, and soft tissue, while narrower differences
are observed on a few comparatively easier cate-
gories. These results suggest that answer accuracy
is shaped not only by overall model capability, but
also by category-specific demands, including vi-
sual distinctiveness, anatomical complexity, and the

amount of contextual clinical reasoning required
for correct prediction.

G.3 Results on Temporal Grounding
Table 8 shows that temporal grounding remains

challenging across all model families. Even the
strongest model, GPT-5.4-Thinking, achieves only
23.70 mIoU and 21.77 IoU@0.5, indicating that
accurate evidence localization remains difficult even
when semantic reasoning and answer accuracy are
relatively strong. Other proprietary models show
similar limitations: Claude-Sonnet-4.5 achieves the
highest IoU@0.3 of 33.17 but only 19.97 IoU@0.5.
This gap suggests that models can often identify
roughly relevant temporal regions, but still struggle
with precise evidence localization.

Open-source models show more varied temporal
grounding performance. Qwen3-VL-32B-Thinking
achieves 20.08 mIoU and 19.46 IoU@0.5, mak-
ing it the strongest open-source model on tempo-
ral grounding and competitive with several pro-
prietary systems. However, many smaller open-
source models obtain very low localization scores.
For example, GLM4.1V-Thinking-9B and LLaVA-
OneVision-7B both have mIoU values close to 4.
Medical-related models also remain weak overall,
although MedGemma-27B performs better than
other medical-related models, with 14.30 mIoU
and 13.18 IoU@0.5.

These results indicate that temporal grounding
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is a distinct bottleneck beyond answer generation.
Models with reasonable answer accuracy may still
fail to locate the supporting evidence in time, which
is critical for auditing surgical reasoning. This
finding supports the design of UniSurgBench and
SurgExpEval, where temporal clues are evaluated
explicitly rather than treated as auxiliary annota-
tions.
G.4 Step-wise Reasoning Quality Correlates

with Answer Accuracy
As shown in Figure 10, the 23 evaluated models

exhibit a strong positive correlation between step-
wise reasoning F1 and answer accuracy (r = 0.902,
p < 0.0001). This result indicates that stronger
final-answer performance is closely associated with
higher-quality intermediate reasoning, supporting
our decomposition-based evaluation design. Pro-
prietary models show a tighter alignment between
reasoning quality and answer correctness, suggest-
ing that stronger models are better able to use
intermediate reasoning steps to produce clinically
informative responses. In contrast, most medical-
related models and some open-source models show
weaker consistency between reasoning quality and
final answers, which may reflect less reliable visual
grounding or greater reliance on language priors
rather than video evidence.

H Prompt Templates
H.1 Prompt Templates for Data Annotation

Video Segmentation.
The following prompt is applied to timestamp-

aligned ASR transcripts to perform hierarchical sur-
gical video parsing, yielding a three-level temporal
structure together with a procedure-level summary.

Prompt for Hierarchical Video Segmentation

You are a professional surgical video analysis expert and a medical
documentation specialist. Your input consists of timestamped surgical
narration subtitles (ASR output, may include noise or non-surgical
content).
Global Rules: Each Phase, Step, and Task must include a Confidence
field ∈ [0, 1]. Preparation or introduction audio should be separated from
actual surgical procedures. All timestamps in HH:MM:SS; Start < End.
Task: Analyze the provided timestamped narration and complete: (1) Va-
lidity Determination—identify whether the video contains clinically signif-
icant surgical procedures. (2) Multi-Granularity Segmentation—segment
hierarchically into Phase > Step > Task, timestamps strictly based on
subtitles. (3) Knowledge-Augmented Description—generate professional
surgical subtitles. (4) Case Report Generation—generate a standard
postoperative summary.
Hierarchy Definitions:

• Phase: Macroscopic, goal-oriented process blocks. Subtitles describe
intent (exposure, division, resection, reconstruction, hemostasis) and
may reference anatomy/pathology.

• Step: Clear subgoals to achieve the Phase objective. Subtitles explain
operative logic and relation to adjacent steps.

• Task: Specific instrument-tissue actions. Subtitles use the instru-
ment + action + anatomical object triplet.

Output (strict JSON, all timestamps in HH:MM:SS):

{
"Surgical_Video_Judgement": {

"Overall": 0-100,
"Start_Time": "HH:MM:SS",
"End_Time": "HH:MM:SS"

},
"Surgical_Segment": {

"Phases": [
{"Start":"..", "End":"..",
"Label":"..", "Subtitle":".."}

],
"Steps": [ ... ],
"Tasks": [ ... ]

},
"Report": "<500-word surgical summary>"

}

User template: Video ID:
{video_id}\nSubtitles:\n{srt_content}

Visual Caption.
Visual captions are generated at two granularities.

For Task-level clips, uniformly sampled frames
and transcript subtitles are used as input. For
Step- and Phase-level clips, child-level captions
are aggregated with broader-segment frames to
produce hierarchically consistent descriptions.

Prompt for Task-Level Visual Caption

You are a medical expert specialized in surgical video analysis, extract-
ing key visual information and conducting evidence-based interpreta-
tions.
Task: Generate detailed, professional captions covering visual descriptions
and scene analysis with clear timestamps. All timestamps are RELATIVE
to segment start (00:00:00 = segment start).
Visual Information Extraction:

1. Visual Targets:

• Instruments: type, morphology, position, operational state (open/-
close/energized/clamping/cutting/suturing), contact site and time
interval.

• Tissues & Structures: morphology, color, texture; pathological cues
(charring, edema, fibrosis) with uncertainty qualifiers.

2. Temporal Recognition:

• Action Recognition: instrument–action–target triplet with time
interval [hh:mm:ss–hh:mm:ss], tissue response, and layer changes.

• Operation Recognition: identify current surgical Phase and Step
and its relation to the overall workflow.

3. Phenomena & Quality Issues: bleeding, smoke, occlusion, blur—state
severity, source, and risk.

4. Uncertain Elements: for unconfirmable instruments/structures/actions,
use “possible/suspected” with visible evidence only.

Prompt for Step/Phase-Level Hierarchical Caption

You are a medical expert specialized in integrating multi-granularity
evidence from surgical action-level captions and sampled frames to
produce rigorous, time-aligned long video captions.
Use Cases: Step-level—inputs include all Task-level captions under
this Step plus sampled frames. Goal: merge action chains and causal
relations into a comprehensive description spanning the entire Step. Phase-
level—inputs include all Step-level captions plus sampled frames. Goal:
consolidate multiple Steps, highlighting scene transitions and Phase objec-
tives.
Alignment Rules:

• Step-level: all action intervals must lie within Step boundaries and cover
essential content of all child Tasks.
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Figure 10: Correlation between semantic reasoning F1 score and answer correctness.

• Phase-level: ordering and transitions across Steps must be explicit;
emphasize Stage-wise intent shifts (exposure → key dissection →
control/removal → closure).

• All time anchors RELATIVE to segment start (00:00:00); monotonic
ordering throughout.

QA Generation.
Given a video segment’s captions, transcript, and

procedure-level summary, the following prompt
generates open-ended QAC triplets (Question,
Answer, Chain-of-Thought) aligned with the 14
workflow-guided tasks of UniSurgBench.

System Prompt for QAC Generation

You are a highly professional surgical expert specialized in multiple
surgical operations.
Task: Generate high-quality, difficult, exam-level Open-Ended questions
and detailed step-by-step solutions for a given surgical video clip, to be
used in UniSurgBench for evaluating multimodal large language models
and senior clinicians.
1. Question Generation

• Write 2–5 Open-Ended questions per surgical segment (count reflects
spatiotemporal complexity).

• Each question MUST: (a) be based on one allowed task from the
taxonomy; (b) be strictly constrained to the reference inputs; (c) require
multi-step, visual evidence-based reasoning; (d) reference specific time
steps from input without including explicit timestamps in the stem.

2. Answer Formulation

• Provide a Direct Answer: a concise phrase, specific timestamp, anatom-
ical name, or clear action description.

• The answer must be factually supported by the input evidence.

3. Chain-of-Thought (CoT) Format — use the following EXACT
headings in order:

• Observation: Cite relevant time anchors and describe visual/temporal
evidence.

• Knowledge: State ONLY the surgical principles relevant to this case.

• Assessment: Assess the surgical procedure, operative target, and risk.

• Reasoning: Multi-step reasoning directly referencing Observation and
Knowledge.

• Conclusion: State the correct answer with evidence-based rationale.

Output Rules: Every factual claim MUST be supported by inputs. Re-
turn ONLY valid JSON arrays. Each object MUST contain: "id",
"dimension", "question", "multiple-choice": false, "answer",
"cot".

User Template for QAC Generation

Please analyze the following information and generate the corresponding
Question, Answer, and CoT:
1. Video captions: {Caption}
2. Transcript ASR:
NOTE: DO NOT follow the timestamps in this part.
{Subtitle}

3. Global operative report: {Background}
4. Question Taxonomy: {QuestionType}
5. Allowed Tasks for THIS Segment: {AllowedTasksStr}

Quality Control.
Prior to human-in-the-loop quality control, an

automatic key-frame verification step uses Gemini-
3-Pro to evaluate each QAC sample against sampled
video frames and visual captions, filtering samples
with incorrect visual evidence, temporal localiza-
tion, or unsupported reasoning.
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Figure 11: Heatmap of the answer accuracy performance of different models across 29 organ and tissue categories.
Each row corresponds to a model and each column corresponds to an organ/tissue category. Darker colors indicate
higher scores.

System Prompt for Key-Frame Verification

You are a rigorous, evidence-bound QA evaluator for surgical video
Question-Answer pairs.
Task: Evaluate whether the Question, Answer, and Reasoning CoT are
supported by the provided evidence and will be good examples for
UniSurgBench.
Evidence Sources (ONLY):

• EVIDENCE A (Caption): time-aligned text describing visual events
and audio background.

• EVIDENCE B (Key Frames): images sampled from the segment clip
with RELATIVE timestamps.

Rules: (1) All timestamps RELATIVE to segment start (00:00:00). (2)
Do NOT invent missing details; if insufficient, mark as “Unverifiable.” (3)
Use medical knowledge only to detect clear impossibilities, NOT to fill
missing evidence.
Scoring Rubric (1–3):

1. Factuality: all core claims Supported (3); minor issues (2); any core
claim Contradicted (1).

2. Visual Grounding: key claims clearly in frames (3); partial (2); not
supported (1).

3. Temporal Grounding: actions align with evidence (3); correct gist but
weak anchoring (2); wrong order (1).

4. Answer Uniqueness: evidence supports Answer as best conclusion (3);
competing answers (2); generic (1).

5. Question Quality: clinically meaningful, not guessable from common
sense (3); partially (2); generic (1).

6. Professionalism: correct terminology, objective (3); minor issues (2);
incorrect (1).

7. Surgical Suitability: clear real surgical scene (3); mostly real with
limitations (2); no scene (1).

Rejection Policy: REJECT if any core claim is Contradicted or Unverifi-
able, or if no real surgical scene is present.

User Template for Key-Frame Verification

[Item to Check]
- Question: {question}
- Answer: {answer}
- Reasoning CoT: {cot}
[EVIDENCE A: Caption] {caption}
[EVIDENCE B: Key Frames]
Frames sampled at CoT-cited timestamps (dense) and elsewhere (sparse).
Timestamps RELATIVE to segment start.
Frame timestamps: {frame_ts_block}
[Output] Return ONLY a JSON object:

{
"scores": {

"factuality": 1-3,
"visual_grounding": 1-3,
"temporal_grounding": 1-3,
"answer_uniqueness": 1-3,
"question_quality": 1-3,
"professionalism": 1-3,
"surgical_suitability": 1-3

},
"total_score": <sum>,
"fatal_issues": ["..."],
"recommendation": "ACCEPT" or "REJECT"

}

Verifier.
In the human-in-the-loop quality control stage,

GPT-5 acts as the Verifier, scoring each QAC sam-
ple on a 9-dimension Likert scale (1–5 per dimen-
sion; maximum 45 points). Samples with total
scores ≥40 are accepted; 35–40 are queued for
revision; below 35 are rejected.
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System Prompt for the Verifier (Stage 1 Quality Control)

You are the evaluation committee for UniSurgBench quality review.
CRITICAL FIRST CHECK — Surgical Scene Validation: Before
any detailed evaluation, determine if frames show a REAL surgical
procedure (endoscopic, open, or microscopic field with visible instru-
ments/tissue). If not (animation, slides, non-surgical content), set all scores
to 1, recommendation="REJECT", and stop.
Evidence Sources: Question, Answer, Reasoning (Observation / Knowl-
edge / Assessment / Reasoning) and video frames (ordered, with relative
timestamps).
9-Dimension Scoring Rubric (1–5 each):

1. Surgical Scene Validity: Is a real surgical scene visible?

2. Question Clarity: Is the question unambiguous and self-contained
within the segment?

3. Segment Match: Does the segment provide sufficient visual information
for the answer?

4. Visual Evidence Accuracy: Are Observations accurately described
with correct timestamps?

5. Clinical Factuality: Are medical facts and clinical assessments correct?

6. Causal Chain: Is the reasoning chain logically complete and causally
valid?

7. Reasoning Acceptability: Is the overall CoT structured and coherent?

8. Answer Correctness: Is the final Answer correctly derived from the
reasoning?

9. Overall Quality: Overall usability and reliability for UniSurgBench.

Recommendation Rules:

• ACCEPT: real surgical scene, all key claims Supported, over-
all_quality ≥ 4, visual_evidence_accuracy ≥ 4.

• REVISE: real scene, fixable issues, can become a quality QAC triplet.

• REJECT: no real scene OR key claim Contradicted OR evidence
seriously mismatched.

Output JSON:
{

"surgical_scene_valid": true|false,
"scores": {

"surgical_scene_validity": 1-5,
"question_clarity": 1-5,
"segment_match": 1-5,
"visual_evidence_accuracy": 1-5,
"clinical_factuality": 1-5,
"causal_chain": 1-5,
"reasoning_acceptability": 1-5,
"answer_correctness": 1-5,
"overall_quality": 1-5

},
"total_score": 0-45,
"recommendation": "ACCEPT"|"REVISE"|"REJECT",
"critical_issues": ["..."]

}

Refiner.
Samples flagged for revision are passed to the Re-

finer (Gemini-3-Pro in Stage 1; GPT-5 in Stage 2 for
expert-directed revision), which rewrites the QAC
triplet based on the Verifier’s structured feedback.

System Prompt for the Refiner

You are the QA Rewrite Editor for UniSurgBench. Improve the overall
quality of a QAC triplet (Question, Answer, Chain-of-Thought) using
the Verifier’s feedback and the original caption as reference.
Sources (ONLY): Original QAC triplet; Verifier feedback (problems,
suggestions); Video frames (ordered, with relative timestamps); Original
visual caption.
Rewrite Strategy:

1. Determinability: if the question is undeterminable, rewrite it as a
reliably-judgeable question.

2. Answer Uniqueness: write the conclusion best-supported by evidence;
add uncertainty qualifiers if needed.

3. Professional Expression: mention surgical risk only if warranted by
visual evidence.

Reasoning Structure: The cot field must preserve the 5-component
format:

• Observation: cite relevant time anchors and describe visual/temporal
evidence.

• Knowledge: state ONLY the surgical principles relevant to this case.

• Assessment: assess the operative target and risk based on evidence.

• Reasoning: multi-step reasoning referencing Observation and Knowl-
edge.

• Conclusion: the revised direct answer with evidence-based rationale.

H.2 Prompt Templates for QA Evaluation
The following prompts are used during inference.

Models receive uniformly sampled frames together
with the question and are instructed to reason step by
step. A Chain-of-Thought (CoT) variant includes
explicit instructions to structure the response fol-
lowing the Observation / Knowledge / Assessment /
Reasoning / Conclusion format used in annotation.

Inference Prompt (Standard)

You are a professional surgical video analysis expert.
Answer ONLY based on the provided video.
Question:
{question}

Use timestamps [HH:MM:SS] to support your analysis.
Please think it step by step.

Inference Prompt (CoT Variant with Frame Legend)

You are a professional surgical video analysis expert.
You will be given {frame_count} frames.
Answer ONLY based on the provided frames.
Question:
{question}

Use timestamps [HH:MM:SS] from the frame legend below. DO NOT use
“Frame N:” as reference.
Frame timestamps: {frame_legend}
Please think step by step.

H.3 Prompt Templates for Evaluation
SurgExpEval consists of two sequential stages:

(1) Structured Prediction Extraction, which
parses free-form model responses into the five struc-
tured components; and (2) Category-wise Seman-
tic Matching, which scores each predicted item
against the corresponding ground-truth annotation.

Structured Prediction Extraction.
Prompt for Structured Prediction Extraction

You are a professional information extraction assistant.
Extract structured content from a surgical video QA reasoning/answer text.
Rules: Output STRICT JSON only. Do NOT add facts, infer, or paraphrase
aggressively. Preserve original meaning and order. Empty categories →
empty list []. Each Observation MUST include timestamps.
Categories:

• Observation: visual evidence with timestamps. Format: {start, end,
evidence}.
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• Knowledge: medical knowledge/principles. Format: {claim}.

• Assessment: situation assessment based on visual evidence. Format:
{claim}.

• Reasoning: reasoning steps connecting evidence to answer. Format:
{claim}.

• Conclusion: final answer. Format: {answer}.

Output Schema:
{

"Observation": [
{"start":"HH:MM:SS","end":"HH:MM:SS",
"evidence":"..."}

],
"Knowledge": [{"claim":"..."}],
"Assessment": [{"claim":"..."}],
"Reasoning": [{"claim":"..."}],
"Conclusion": [{"answer":"..."}]

}

[Problem]: {question}
[Text to Extract]: {prediction_text}

Category-wise Semantic Matching.

Prompt for Category-wise Semantic Matching

You are a highly rigorous expert in information evaluation and struc-
tured understanding.
Task: Evaluate the matching between Ground Truth (GT) and pre-
dicted (Pred) items in a strict one-to-one manner for each category.
Evaluation Dimensions:

• Nouns: are key entities/objects/concepts correctly matched?

• Actions: are main actions/events described accurately?

• Causality: are cause–effect relationships and logical dependencies
preserved?

• Temporal Localization: are start/end times and event order aligned?

Scoring (0–2):
For Observation and Conclusion (temporal-aware):

• [2]: timestamps very close (IoU > 0.5) AND semantically equivalent
on all key dimensions.

• [1]: significant temporal difference with correct semantics, OR correct
temporal with notable errors.

• [0]: timestamps largely mismatched AND/OR major semantic errors.

For Knowledge, Assessment, Reasoning (semantic-only):

• [2]: semantically equivalent; all key nouns, actions, causal links correct.

• [1]: core concept correct, minor omissions or vague descriptions.

• [0]: wrong/missing key entities, contradiction, or hallucination.

Output (each gt_idx and pred_idx appears at most once per category):

{
"pairs": {

"Observation": [
{"gt_idx":0,"pred_idx":1,
"label":2,"reason":"..."}

],
"Knowledge": [...],
"Assessment": [...],
"Reasoning": [...],
"Conclusion": [...]

}
}

[Problem]: {question}
[PredJSON]: {pred_json}
[GTJSON]: {gt_json}

I Case Study
I.1 Case Study on Surgical Element

Identification
Figure 12 shows a case of surgical element identi-

fication. The ground-truth answer is the left lobe of
the liver. The key visual evidence is the smooth and
uniformly glistening liver capsule, while the nearby
omentum appears as yellow lobulated fat. GPT-
5.4-Thinking correctly uses the capsular surface
as evidence and identifies the visible structure as
the left hepatic lobe. In contrast, Qwen3-VL-32B-
Thinking is distracted by the more salient yellow
fatty tissue and describes the region as omental
fat or gastric serosa. This leads to a wrong final
answer, although some local visual descriptions are
plausible. The case shows that this task is not only
about recognizing common laparoscopic textures.
The model also needs to locate which visible struc-
ture is being asked about and separate the target
anatomy from adjacent tissues.

I.2 Case Study on Surgical Operation Analysis
Figure 13 presents a case that requires recog-

nizing the ongoing surgical action. The correct
interpretation is external exposure and mobiliza-
tion around the gastroesophageal junction and hia-
tus. The instruments are working on tissue planes
outside the esophagus, rather than passing an in-
strument inside the lumen. GPT-5.4-Thinking cor-
rectly describes the main action as traction and
release around the hiatal region. It also links the
action to the observed instrument–tissue interaction.
MedGemma-27B makes a different error. It treats
a visible tubular structure as a bougie or dilator
entering the esophagus, and then explains the scene
as intraluminal calibration. This error starts from
a wrong visual identification and then affects the
predicted action. The case illustrates why operation
analysis is harder than element identification: the
model must not only name the instrument or tissue,
but also infer how the instrument is interacting with
the tissue over time.

I.3 Case Study on Clinical Intent and Scene
Reasoning

Figure 14 shows a case where the model must
infer the clinical intent behind the current maneuver.
The important cue is gentle, capsule-parallel sweep-
ing near the pancreas. The purpose of this maneuver
is to expand the dissection plane while avoiding
injury to the pancreatic capsule or parenchyma.
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GPT-5.4-Thinking gives a well-supported answer
by connecting the local dissection pattern with
the risk of pancreatic leak or fistula. Qwen3-VL-
32B-Thinking also reaches the correct intent, but
its temporal evidence is less precise and includes
broader segments that are not all equally diagnos-
tic. MedGemma-27B gives a clinically reasonable
explanation, but its visual support is weaker. It
describes the scene more generally as freeing tissue
planes and avoiding vessels, rather than focusing
on the pancreatic surface and the specific sweeping
motion. This case shows that a model may answer
the clinical intent correctly while still giving in-
complete visual evidence. Therefore, answer-level
accuracy alone can overestimate scene understand-
ing.

I.4 Case Study on Scenario-Specific Analysis
Figure 15 shows a scenario-specific failure shared

by all three models. The visual evidence mainly
shows yellow fatty tissue, thin septa, and routine
traction. More importantly, the dynamic evidence
does not show clear tearing, persistent oozing, or
major hemostatic intervention. However, the mod-
els interpret the tissue state as more abnormal than
it appears. GPT-5.4-Thinking describes the tissue
as fibrotic or chronically inflamed. Qwen3-VL-
32B-Thinking further links the tissue to adhesions
and increased bleeding risk. MedGemma-27B
over-infers edematous, neoplastic, or necrotic tis-
sue. These answers are medically plausible, but
they are not well supported by the video evidence.
The shared error is that the models rely too much
on static appearance, such as yellow fat and red
areas, and use too little negative temporal evidence,
such as smooth separation and the absence of ac-
tive bleeding. This case highlights a key challenge
in scenario-specific surgical reasoning: the model
must judge tissue state from both appearance and
tissue behavior, rather than turning common laparo-
scopic textures into high-risk clinical findings.

35156



Table 12: Statistic information of anatomy and surgical procedures in the UniSurgBench.

Organ Procedure Count Organ Procedure Count

Colorectal Colectomy 93 Pancreas Distal Pancreatectomy 49
Anterior Resection 71 Pancreaticoduodenectomy 43
Total Mesorectal Excision 67 Pancreatectomy 13
Subtotal 273 Subtotal 105

Esophagus Myotomy 117 Eye Ophthalmic Surgery 52
Esophagectomy 93 Cataract Surgery 40
Subtotal 210 Subtotal 92

Liver Liver Resection 129 Thyroid Thyroidectomy 47
Hepatectomy 52 Lobectomy 42
Subtotal 181 Subtotal 89

Bladder Cystectomy 105 Lung Lobectomy 78
TURBT 70 Pneumonectomy 1
Subtotal 175 Subtotal 79

Abdominal Wall Herniorrhaphy 74 Heart Valve Replacement 74
Hernioplasty 70 Subtotal 74
Subtotal 144 Retroperitoneum Tumor Resection 66

Subtotal 66

Stomach Gastrectomy 101 Kidney Nephrectomy 39
Subtotal Gastrectomy 33 Partial Nephrectomy 24
Subtotal 134 Subtotal 63

Spleen Splenectomy 115 Gallbladder Cholecystectomy 58
Subtotal 115 Subtotal 58

Joint Arthroscopy 100 Tonsils Tonsillectomy 46
Arthroplasty 14 Subtotal 46
Subtotal 114 Breast Mastectomy 20

Breast Reconstruction 10
Lumpectomy 7
Subtotal 37

Mediastinum Thymectomy 96 Adrenal Adrenalectomy 37
Tumor Resection 11 Subtotal 37
Subtotal 107 Ear Tympanoplasty 11

Subtotal 11

Prostate Prostatectomy 28 Sinus Endoscopic Sinus Surgery 11
Subtotal 28 Subtotal 11

Spine Spinal Fusion 17 Brain Craniotomy 10
Subtotal 17 Subtotal 10

Skin & Soft Tissue Flap Surgery 17 Bone Internal Fixation 5
Subtotal 17 Subtotal 5

Ureter Nephroureterectomy 4

Total 2302
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Figure 12: Comparison between GPT-5.4-Thinking and Qwen3-VL-32B-Thinking in Gastrectomy surgery.
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Figure 13: Comparison between GPT-5.4-Thinking and MedGemma-27B in Myotomy surgery.
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Figure 14: Comparison between GPT-5.4-Thinking, Qwen3-VL-32B-Thinking, and MedGemma-27B in Anterior
Resection surgery.
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Figure 15: Comparison between GPT-5.4-Thinking, Qwen3-VL-32B-Thinking, and MedGemma-27B in Thymectomy
surgery.
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