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Abstract

Vision-Language Models (VLMs) have shown significant
potential in surgical scene analysis, yet existing models
are limited by frame-level datasets and lack high-quality
video data with procedural surgical knowledge. To address
these challenges, we make the following contributions: (i)
SurgPub-Video, a comprehensive dataset of over 3,000 sur-
gical videos and 25 million annotated frames across 11 spe-
cialities, sourced from peer-reviewed clinical journals, (ii)
Surgl.LaVA-Video, a specialized VLM for surgical video un-
derstanding, built upon the TinyLLaVA-Video architecture
that supports both video-level and frame-level inputs, and
(iii) a video-level surgical Visual Question Answering (VQA)
benchmark, covering diverse 11 surgical specialities, such
as vascular, cardiology, and thoracic. Extensive experiments,
conducted on the proposed benchmark and three additional
surgical downstream tasks (action recognition, skill assess-
ment, and triplet recognition), show that Surgl.LaVA-Video
significantly outperforms both general-purpose and surgical-
specific VLMs with only three billion parameters.

Datasets — https://github.com/Yaoqian-Li/SurgPub-Video

Introduction

Vision-Language Models (VLMs) have demonstrated ex-
ceptional performance across various domains (Liu et al.
2023; Li et al. 2023). Recent work in surgical knowledge in-
tegration has shown promising results on tasks such as scene
understanding, action recognition, and clinician skill assess-
ment (Zeng et al. 2025; Liu et al. 2025). However, current
surgical VLMs are fundamentally constrained by their ex-
clusive training on frame-level datasets (Seenivasan et al.
2022; Yuan et al. 2024a), thereby lacking the ability to un-
derstand temporal dynamics in surgical workflows.

This limitation primarily stems from the scarcity of high-
quality surgical video datasets with instruction-following
annotations, hindering the advancement of surgical VLMs.
The curation of such datasets faces three key obstacles: (i)
Limited video diversity: While frame-level surgical VQA
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(c) Journal videos provide coherent and clinically reliable information.

Figure 1: Comparison of three pipelines for build-
ing surgical-video VQA datasets. (a) Converting public
frame-label datasets offers high annotation fidelity but lacks
narrative context. (b) Mining social media, e.g., YouTube,
video narration supplies rich temporal descriptions yet suf-
fers from inconsistent accuracy without peer review. (c)
Leveraging peer-reviewed journal videos combines continu-
ous operative narration with authoritative reports, providing
both temporal coherence and professional reliability.

datasets claim a large number of frames, they derive from
a small pool of source videos, failing to capture the rep-
resentative spectrum of surgical scenarios. (ii) Insufficient
annotation granularity: Surgical videos typically contain
only sparse categorical labels, and converting them into de-
tailed instruction-following samples requires extensive man-



Dataset Year QA Level Richness Scale Multi-Center
#Surgery Types  Language Source  #Videos #Frames

Cholec80-VQA 2022 Image 1 Categorical Text 40 21.6K No
EndoVis-18-VQA 2022 Image 1 Categorical Text 19 2K No
EndoVis-VQLA 2023 Image 1 Categorical Text 29 2.2K No
PSI-AVA-VQA 2024 Image 1 Categorical Text 8 2.2K No
SSG-VQA 2024 Image 1 Categorical Text 50 25.5K No
Surg-396K 2024 Image 3 Categorical Text 109 41.4K Yes
SurgVLM-DB 2025 Image 16 Categorical Text 849 1.81M Yes
SurgPub-Video (Ours) 2025 Video 75 Transcript & Report 3,538 25M Yes

Table 1: Comparison of our SurgPub-Video with other surgical VQA datasets. Our SurgPub-Video is the only dataset specifi-
cally designed to support video-level surgical VQA, offering a unique advantage of temporal surgical scene understanding.

ual effort and is error-prone. (iii) Unreliable data sources:
Videos sourced from social media often lack credibility and
accuracy, rendering them clinically unreliable.

Recent studies have explored a range of strategies to mit-
igate these challenges. To address the issue of data scarcity,
some works attempt to collect existing public datasets
and use frame-level annotations to construct surgical VQA
datasets (Zeng et al. 2025; Liu et al. 2025). However, com-
pared with native video-level labeling, converted annota-
tions lack crucial temporal information, restricting the pro-
cedural understanding ability of surgical VLMs. Further-
more, only a limited number of surgical databases are en-
tirely composed of video-based instances, and these of-
ten focus on pretraining image encoders using video cap-
tions (Yuan et al. 2025, 2024b). Consequently, these datasets
do not include comprehensive question-answer pairs, which
are essential for fine-tuning VLMs and improving their un-
derstanding of surgical tasks. Another key challenge in cur-
rent datasets is the lack of rich textual information for gen-
erating versatile QA pairs. Since current image-level surgi-
cal datasets (Seenivasan et al. 2022; Bai et al. 2023; Seeni-
vasan et al. 2023) usually provide only coarse category la-
bels, such as “gallbladder removal” or “liver” for QA gen-
eration, omitting semantically rich descriptions of the vi-
sual scene. This limitation leads to VLMs aligning visual
data with discrete labels, rather than with the open, descrip-
tive space of natural language. For video-type data, a practi-
cal alternative is to leverage automatic speech recognition
(ASR) models to generate transcripts as textual informa-
tion (Yuan et al. 2025). Nevertheless, ASR outputs often
contain noise and inconsistencies, requiring extensive post-
processing. Furthermore, the reliability of ASR transcripts
is questionable, especially for videos not reviewed by clin-
icians, such as those sourced from social media platforms
(e.g. YouTube) (Yuan et al. 2024c; Che et al. 2025), where
accuracy and authenticity are uncertain without expert vali-
dation.

To address these challenges, in this study, we construct the
SurgPub-Video dataset, a high-quality surgical VQA dataset
composed entirely of videos. As shown in Fig.1, unlike pre-
vious surgical VQA datasets, our SurgPub-Video dataset ex-
hibits superior qualities in terms of both temporal continuity
and authenticity. Specifically, we restrict our crawling scope
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to original surgical videos published in peer-reviewed arti-
cles, ensuring inherent vetting by the academic and clinical
community for trustworthiness. As shown in Tab.1, we col-
lect a total of 3,538 surgical videos, significantly surpass-
ing the size of previous surgical VQA datasets. To create a
comprehensive and high-quality surgical VQA database en-
tirely composed of video clips, we move beyond categori-
cal labels by utilizing both audio transcripts and associated
surgical records to extract precise and semantically rich in-
formation. We also design a sophisticated dataset curation
workflow, including audio-guided video clip preprocessing,
structured surgical concept extraction, and human-involved
VQA pair creation. The final SurgPub-Video dataset con-
tains 10,926 surgical clips and 48,520 VQA pairs, spanning
1,823 anatomical structures. Moreover, considering current
surgical VLMs heavily rely on the naive LLaVA structure,
which only supports frame-level input and lacks explicit
temporal modeling, to bridge this gap, we further introduce
the Surgl.LaVA-Video model, built upon the TinyLLaVA-
Video architecture (Zhang et al. 2025), which naturally sup-
ports whole-video input and leverages a resampler to inte-
grate in-context relationships across the video. Finally, to
comprehensively evaluate the capabilities of VLMs in sur-
gical video understanding, we also propose the SurgPub-
Video benchmark derived from our dataset, covering 11 vital
surgical specialties and 5 main surgical tasks. Our contribu-
tion can be summarized as follows:

* We introduce a high-quality, large-scale surgical dataset,
SurgPub-Video, for VLM training, which contains VQA
pairs with good temporal continuity, semantic richness,
and authenticity.

* We develop the Surgl.LLaVA-Video, which is trained on
SurgPub-Video and enables both video-level and frame-
level surgical scene understanding.

* We construct an extensive benchmark encompassing var-
ious surgical procedures and tasks. We systematically
evaluate both open-source and commercial multimodal
models on this benchmark and find that our Surgl.LaVA-
Video model achieves superior performance compared to
existing dedicated and closed-source models.
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Figure 2: Overview of the SurgPub-Video data distribution. (a) The proportion of original journal videos in 11 surgical special-
ties; (b) The specialty distribution of the SurgPub-Video; (c) The distribution of Benchmark specialties; (d) The coverage ratio
of five types of VQA tasks (instrument, anatomy, procedure, planning, and general knowledge) in the Benchmark and complete
datasets, demonstrating the credibility of data sources, the balance of specialties, and the diversity of tasks.

Related Work
Surgical Multimodal Datasets and Benchmarks

A large-scale surgical VQA dataset is crucial for enabling
vision—language models (VLMs) to comprehend complex
surgical scenes. Yet, traditional single-task image-level
datasets with limited annotations cannot support diverse or-
gans or fine-grained reasoning. Recent works address this
by converting small datasets, merging multiple sources,
or mining web videos. Cholec80-VQA (Seenivasan et al.
2022) and SSG-VQA (Yuan et al. 2024a) reformulate single-
task datasets into VQA pairs but lack annotation diver-
sity. SurgVLM-DB (Zeng et al. 2025) and EndoBench (Liu
et al. 2025) expand coverage by aggregating datasets across
procedures and organs, while Surg-3M (Che et al. 2025),
SurgVLP (Yuan et al. 2024c), and SurgVISTA (Yang et al.
2025) leverage web-sourced videos to scale VQA construc-
tion. However, manually curated datasets (Zeng et al. 2025;
Liu et al. 2025) still cover limited scenarios, and web-
collected data often lack peer-reviewed quality, restricting
VLM performance. We tackle these issues by building a
comprehensive VQA dataset from high-quality academic
surgical videos.

Surgical Large Vision-Language Models

General VLMs, such as LLaVA (Liu et al. 2023), Qwen-
VL (Bai et al. 2025), and CogVLM (Wang et al. 2024),
achieve strong multimodal reasoning through large-scale in-
struction tuning. Medical VLMs, including Med-PalLLM (Tu
et al. 2024), OmniMedVQA (Hu et al. 2024), and LLaVA-
Med (Li et al. 2023), specialize on domain data such
as MIMIC-CXR (Johnson et al. 2019) and SLAKE (Liu
et al. 2021) for diagnostic and interpretive VQA. Surgical
VLMs, including SurgVLM (Zeng et al. 2025), Surgical-
GPT (Seenivasan et al. 2022), and EndoChat (Wang et al.
2025), adapt these methods for single-frame tasks like phase
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or tool recognition. Yet, without large, scenario-rich surgi-
cal video VQA datasets, they remain limited to static im-
agery. We bridge this gap with Surgl.LaVA-Video, trained
on the SurgPub-Video dataset, introducing video-level rea-
soning into surgical VLMs.

Methodology

In this section, we first present our constructed SurgPub-
Video dataset and benchmark, followed by an introduction
to the dataset curation workflow. Finally, we provide a de-
scription of our Surgl.LaVA-Video model architecture.

SurgPub-Video Dataset & Benchmark

SurgPub-Video Dataset Tab. 1 compares our constructed
SurgPub-Video database against several popular surgi-
cal VQA databases. Unlike most surgical databases that
only provide single-frame snapshots, SurgPub-Video targets
video-level analysis by consisting entirely of video clips,
thereby preserving crucial temporal relationships that are es-
sential for understanding surgical procedures. Fig. 2 shows
the distributions of the original video source, SurgPub-Video
dataset, and the benchmark. Specifically, SurgPub-Video
consists of 10,926 surgical video clips with 29.85s aver-
age duration and 48,520 open and closed VQA pairs gener-
ated from five concept categories (instruments, procedural,
anatomical structure, planning, general surgical knowledge).
The clips span 11 surgical specialties and cover 75 kinds
of surgery, 1,823 anatomical structures, 40 surgical instru-
ments, and 1,290 unique procedures.

SurgPub-Video Benchmark We randomly sample 20%
of VQA pairs from 705 videos to construct the benchmark.
To mitigate data imbalance and fairly evaluate the model’s
performance on different tasks, we remove some similar
VQA pairs from the majority category. The final benchmark
subset consists of 3,337 samples, reducing cardiac surgery
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Figure 3: VQA-generation pipeline for SurgL.LaVA-Video dataset and benchmark. (a) Peer-reviewed journal videos and ac-
companying reports are collected. (b) Whisper transcripts and semantic filtering split each recording into coherent clips and
extract core surgical concepts. (c) A prompt-based LLM agent produces initial open-ended and multiple-choice QA pairs for
every clip; medical experts then review and refine these drafts, yielding the final high-quality VQA dataset.

samples to 38.6%, and enhancing vascular and mediastinal
surgeries to 11.9% and 7.6%, respectively. The benchmark
assesses model performance through five VQA tasks, in-
cluding instrument recognition, anatomical structure recog-
nition, procedural step identification, surgical planning, and
general surgical knowledge. The training set and test set
are strictly video-level separated. Evaluation metrics in-
clude overall accuracy, specialty-specific accuracy, and task-
specific accuracy, enabling detailed analysis of model capa-
bilities and limitations across different surgical specialties
and different tasks.

Dataset Curation Workflow

To construct a reliable surgical video-based VQA dataset,
we collect surgical videos from more than 25 peer-reviewed
medical journals. Inspired by surgeons’ VQA construc-
tion workflow, we design an LLM-assisted, coarse-to-fine
pipeline that (i) transcribes audio, (ii) filters and merges
clips, (iii) extracts structured concepts, and (iv) generates
and refines VQA pairs. This pipeline progressively removes
redundancy, preserves clinically relevant context, and pro-
duces clip-level samples with paired textual evidence for
VQA creation. The detailed pipeline is described as follows.

Raw Video Dataset Preparation We crawl original
videos from 25 peer-reviewed medical journals (listed in
the supplement) and retain articles accompanied by surgi-
cal videos, yielding 3,538 raw surgical videos. During initial
filtering, we select articles with surgical videos and exclude
entries without usable video content. Fig. 2(a) summarizes
the sources: 11 surgery specialties, 323.5 seconds average
duration, 1920*1080 resolution, and 30Hz frame rate. Com-
pared to web videos (e.g., YouTube), each video is paired
with a peer-reviewed article, improving reliability and pro-
viding sufficient accompanying text. We also preserve the
associated article text as auxiliary context for later concept
extraction and QA prompting.
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Audio-Guided Video Clip Preprocessing Considering
the redundancy in original surgical videos, we adopt an
audio-guided approach for coarse-level clip selection. We
employ an audio-to-text (ATT) agent powered by the Ope-
nAl Whisper (Radford et al. 2023) model to generate times-
tamped transcripts. The ATT agent segments the full audio
stream into short segments and converts them to text; how-
ever, the corresponding video fragments can be overly frag-
mented, and many correspond to non-surgical content. To
address this, we deploy a coarse-grained video processing
(CGVP) agent to filter and integrate these fragments into
video clips ranging from 15 to 30 seconds. CGVP removes
redundant/non-surgical segments based on transcript content
(e.g., non-surgical portions at the beginning/end of videos)
and merges adjacent fragments with similar or contextually
related semantics. This step reduces fragmentation while
preserving temporal coherence within each clip. This merg-
ing is important because surgical procedures often span mul-
tiple sequential steps. For example, vessel dissection may in-
clude fat clearance, hemostatic clamp placement, and vessel
incision; CGVP combines related fragments to better cap-
ture complete procedural units. Fig. 3 shows the detailed
process of generating clips from raw video.

While CGVP removes most redundancy, some clips
may still contain unrelated information or unwanted con-
cepts. We therefore deploy a fine-grained concept extrac-
tion (FGCE) agent to determine whether clips contain con-
cepts of interest. We categorize surgical concepts into five
types: instruments, procedural steps, anatomical structures,
treatment planning, and general surgical knowledge. FGCE
prompts the LLM with each clip transcript and the corre-
sponding article text to classify the clip and organize the
database in a structured format, recording segment length,
text, and included concepts. This structured organization
supports downstream QA prompting by providing explicit
concept tags and the associated evidence context.



Visual Question Answering Pair Creation & Refinement
After clip cleaning, a QA generation (QAG) agent selects
video clips and their corresponding textual information to
construct QA pairs via targeted prompting. QAG sequen-
tially processes clips and associated context, producing ini-
tial QA drafts that emphasize clinically meaningful reason-
ing. To enhance clinical relevance, we design reasoning-
based questions derived from causal explanations and ra-
tionales stated in video narration, covering prediction of
surgical outcomes, operative rationale, and risk-related de-
cision making. For answer generation, the agent produces
both open-ended responses and multiple-choice questions,
and designs distractors to reduce guessability. We store each
QA pair together with its clip and supporting evidence to
facilitate supervised training. All answers are kept medi-
cally accurate, concise, and aligned with textual evidence.
We provide a prompt abstract and an example QA pair in
Fig. 3. We involve human expert review to refine the gen-
erated VQA pairs, ensuring medical correctness and seman-
tic consistency with the original intent. This review can be
iterative, progressively improving data quality in both the
SurgPub-Video dataset and the benchmark.

Architecture of SurgLLLLaVA-Video Model

Here, we present the architecture of our trained SurgL.LaVA-
Video model. Distinct from the recently proposed
SurgVLM (Zeng et al. 2025), which concentrates on
frame-level analysis and directly concatenates visual tokens
and text tokens as input to the LLM, Surgl.LaVA-Video
is particularly optimized for video-level input, which
comprises three main components: a vision encoder, a
video group resampler, and a LLM, following (Zhang et al.
2025). Fig. 4 presents the model architecture, where the
vision encoder first receives a video clip X € RT>*HxWx3
as input and extracts critical visual features at the frame
level Z € RTXNXD T denotes the video clip length,
H and W represent the height and width of each frame,
respectively, N is the number of tokens corresponding to
a single frame, and D is the dimension of the extracted
feature embedding. The extracted features Z are then
reshaped into Z € R(T*N)XD for downstream operations.
Unlike the regular LLaVA structure, SurgLLaVA-Video
incorporates a video resampler Py that dynamically projects
visual information into a fixed number of learnable queries
Q € REXP| simultaneously maintaining temporal rela-
tions across frames while saving computational resources.
Inside the video resampler, due to the limited number of
queries, we divide Z and @ into multiple sub-embeddings
{Zl, Zs, ZL} and {Q1,Q2,...QL}, respectively. Next,
cross-attention operations are performed between each
visual sub-embedding Z; and corresponding learnable
query Q;, yielding V;. We then concatenate {V;,V5,...Vy}
to obtain the final visual input for the LLM: V' € RE*P  Fi-
nally, the language model combines the visual embeddings
V' with user-provided surgical text questions S as input and
performs joint reasoning to generate responses.

When training the model, we use the pre-trained model
of TinyLLaVA-Video and fine-tune it with the VQA pairs
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Figure 4: Architecture of Surgl.LaVA-Video. A multi-frame
clip passes through a video encoder, whose patch tokens are
compressed by a video resampler; learnable queries dis-
till visual embeddings that are concatenated with the textual
prompt and decoded by the LLM to generate the answer.

of SurgPub-Video. We only keep the visual encoder frozen,
fully fine-tuning the LLM and video resampler.

Experiments
Experimental Setup

In this work, we employ GPT-4o0 (Hurst et al. 2024) as an
agent to assist the generation of SurgPub-Video dataset. We
train SurgLLaVA-Video on 4 NVIDIA A40 GPUs. Dur-
ing the inference, the temperature is set as 0.2. We eval-
uate seven different models on our constructed SurgPub-
Video benchmark, including LLaVA-1.5 (Liu et al. 2023),
InternVL3 (Chen et al. 2024), Qwen-2.5-VL-Instruct (Bai
et al. 2025), GPT-4o0 (Hurst et al. 2024), Qwen2.5-Max (Bai
et al. 2025), Gemini 2.0 Flash (Team et al. 2023), and our
SurgLLaVA-Video. To further validate the generation abil-
ity of our SurglL.LaVA-Video model, we follow the experi-
ment setting of SurgVLM (Zeng et al. 2025) and compare
Surgl.LaVA-Video with seven models (six benchmarking
methods and SurgVLM) on three surgical downstream tasks:
surgical action recognition, surgical skill assessment, and
surgical triplet recognition. In the benchmark comparison,
Surgl.LaVA-Video was fine-tuned on the SurgPub-Video
dataset. For downstream tasks, it was jointly fine-tuned on
the task training sets and SurgPub-Video. All general Multi-
Modal Large Language Models (MLLMs) were evaluated
using their official weights or APIs, while SurgVLM (Zeng
et al. 2025) was trained with data that also includes the
downstream task datasets. In particular, we use a multiple-
choice question (MCQ) format that requires the model to
select the correct answer from the given options and mea-
sures the accuracy by counting exact matches between pre-
dictions and ground-truth answers. In each experiment, the
best result for each task is highlighted in bold, while the
second-best result is indicated with an underline.



Model Param. Brst. Card. Endo. Esop. Liv. Lung Medi. Orth. Thor. Urol. Vasc. Overall
LLaVA-1.5 7B 38.47 44.12 36.95 42.83 34.56 39.21 48.73 29.67 52.04 31.28 37.45 35.82
InternVL3 78B  75.00 78.72 50.00 66.67 42.86 70.00 27.27 75.00 70.79 63.16 75.18 69.17

Qwen2.5-VL-Instruct 72B  81.82 61.24 38.46 60.00 33.33 74.90 66.67 57.69 74.92 52.94 61.54 62.44
GPT-40-2024-0806 - 81.82 67.98 50.00 66.67 57.89 58.82 53.85 78.95 69.77 771.78 62.00 66.67
Qwen 2.5 Max - 75.00 74.19 42.86 72.00 74.03 71.53 68.18 65.66 86.39 67.65 73.58 73.56
Gemini 2.0 Flash - 75.48 73.07 42.30 78.13 67.50 59.92 72.67 81.46 78.30 75.93 77.23 73.33
Surgl.LaVA-Video (Ours) 3B  82.14 84.38 61.38 89.69 74.19 82.84 79.76 78.24 81.74 80.23 82.73 82.84

Table 2: Performance of various VLMs on proposed benchmark.

RARP Action Recognition

| Endoscapes CVS Balanced Accuracy

Model | Param. | Accuracy Recall Precision Jaccard | Average Crit.1 Crit.2  Crit. 3
LLaVA-1.5 7B 23.46 1422 11.53 6.31 49.56 4897 50.00 49.72
InternVL3 78B 27.32 24.03 30.48 13.30 5350  52.02 57.54 50.94

Qwen2.5-VL-Instruct 72B 28.20 13.04 22.30 5.94 4722  50.26 41.67  49.72
GPT-40-2024-0806 - 28.10 15.99 16.15 9.16 9.07 9.23 8.81 9.17
Qwen2.5-Max - 28.30 14.60 10.20 7.14 45.03 4444 4452  46.11
Gemini 2.0 Flash - 24.40 17.51 18.54 7.27 5237 5790 50.16  49.06
SurgVLM 72B 42.90 34.64 31.45 19.22 51.40 5159 5222  50.39
SurgL.LaVA-Video (Ours) 3B 65.65 45.50 55.35 33.31 58.88 60.06 58.11 62.19

Table 3: Performance of various VLMs on RARP action recognition and Endoscapes CVS task.

Benchmark Results

We evaluate the performance of SurgLLaVA-Video and var-
ious VLMs on the proposed benchmark. Tab. 2 presents
the corresponding experimental results. Surgl.LaVA-Video
achieves consistent and significant improvements across all
evaluated organ categories and in overall performance on the
benchmark. It reaches 82.84% overall accuracy, lifting per-
formance by 16.17% over GPT-40. Moreover, Surgl.LaVA-
Video achieves these advances despite having substantially
fewer parameters with 3B, emphasizing that the effective-
ness of incorporating the proposed SurgPub-Video dataset,
which enables the model to develop advanced surgical video
understanding capabilities.

Downstream Task Results

Surgical Action Recognition We use SAR-RARP
dataset (Psychogyios et al. 2023) for action recognition,
which annotates eight fine-grained robotic actions of prosta-
tectomy. Model performance is measured by classification
accuracy, recall, precision, and Jaccard. Tab. 3 shows the
performance of each model on SAR-RARP action recog-
nition dataset. SurglL.LaVA-Video raises accuracy by more
than 22% over SurgVLM, the strongest competing surgical
model, while lifting precision by 23% and the Jaccard index
by 14%.

Surgical Skill Assessment We benchmark on the critical
view of safety (CVS) assessment using the Endoscapes2023
dataset (Mascagni et al. 2025) from laparoscopic cholecys-
tectomy videos. We compute the widely used balanced accu-
racy metrics to assess performance. As shown in Tab. 3, on
the Endoscapes2023 CVS task, SurgLLaVA-Video achieves
an average balanced accuracy of 58.88%, surpassing the
strongest baseline, InternVL3, by 5.38% and outperforming
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the domain-adapted SurgVLM by 7.48%. The performance
improvement of Surgl.LaVA-Video indicates its great po-
tential in supporting high-risk clinical decisions. This also
proves that the SurgPub-Video dataset can help the model
acquire knowledge related to surgeries.

Surgical Triplet Recognition We also evaluate the model
performance of triplet recognition on CholecT50 (Nwoye
and Padoy 2022) dataset, which is composed of 50 sur-
gical videos and labeled with the triplet of “tool-action-
target”. The Mean Average Precision(mAP) and accuracy
are used as the main metrics of evaluation. Tab. 4 shows
performance of each method on the CholecT50 bench-
mark. SurgLLaVA-Video with 3B parameters outperforms
SurgVLM by 23.73% in instrument, 44.65% in verb, and
26.78% in triplet, respectively. SurgVLM keeps the top tar-
get accuracy at 57.07%, 9.95% higher than our model, yet
Surgl.LaVA-Video delivers a competitive target mAP of
19.93% against 21.01%.

Ablation Study

Here, we conduct ablation studies to verify the effective-
ness of data scale and video length. Because different or-
gans show consistent responses to changes in video length
and data scale, whereas each task is more sensitive to these
settings, we evaluate model accuracy across five tasks.

Ablation Study on Video Length Fig. 5(a) shows MCQ
accuracy for the input clip length in 8, 16, 24, and 32 frames.
Overall performance peaks at 16 frames with 80.82%, in-
dicating the best trade-off between temporal context and
redundancy. Instrument recognition and surgery-planning
tasks follow this trend, rising from 8 to 16 frames before
tapering. Anatomical structure recognition improves fur-
ther to 24 frames at 85.08%, suggesting that excess frames



| Accuracy | mAP
Model | Param. | Ins. Verb Target Trip. | Ins. Verb Target  Trip.
LLava-1.5 7B 3.69 9.41 0.23 0.00 2248  14.12 9.41 2.35
InternVL3 78B 38.14 9.52 3.29 0.52 2274 14.08 9.44 2.36
Qwen2.5-VL-Instruct 72B 32.66 791 5.25 1.27 2338 1445 10.86 2.71
GPT-40-2024-0806 - 13.33 5.89 5.94 1.50 2280 14.34 10.42 2.60
Qwen2.5-Max - 7.21 4.85 5.94 0.35 2240  14.12 9.59 2.39
Gemini 2.0 Flash - 15.18 7.44 15.87 1.85 23.14 1445 1091 2.54
SurgVLM 72B 6220 18.64  57.07 12.52 | 3144 19.16 21.01 6.35
SurgL.LaVA-Video (ours) 3B 8593 6329 47.12 3930 | 5898 42.75 19.93 10.61

Table 4: Performance of various VLMs on CholecT50 triplet recognition.
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Figure 5: Ablation study of Surgl.LaVA-Video. (a) Accu-
racy for 5 tasks and overall score under four input-frame
counts. (b) Corresponding accuracy under 4 dataset scales.

add noise. Procedure recognition accuracy plateaus after 16
frames, while general knowledge scores drop beyond this
length.

Ablation Study on Dataset Size Fig. 5(b) reports MCQ
accuracy when the model is trained with 25%, 50%, 75%,
and 100% of SurgPub-Video. Overall accuracy rises almost
linearly, reaching 80.82% with the full dataset. Instrument
and Procedure recognition grows by about 7%—14% from
the smallest to the largest split, showing their dependence
on a broad variety of visual exemplars. General-knowledge
accuracy also climbs by 13%, indicating that richer tex-
tual grounding benefits from more clips. Surgery-planning
peaks at 75% with 82.40% and then stabilizes, implying di-
minishing gains once core procedural patterns are captured.
These trends confirm that most tasks continue to benefit
from larger, well-balanced data, whereas planning knowl-
edge saturates earlier.
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Conclusion

In this work, we present SurgPub-Video, the first large-scale,
video-based surgical dataset specifically designed to en-
hance VLMs’ capabilities for surgical scene understanding.
Addressing the existing challenges of limited data availabil-
ity, semantic scarcity, and unreliable data sources, SurgPub-
Video comprises more than 3,000 peer-reviewed surgical
videos and more than 48,000 structured VQA pairs across
multiple surgical specialties, enabling video-type input.
Building upon this robust dataset, we develop Surgl.LaVA-
Video, a specialized and efficient surgical VLM architec-
ture. Our model significantly outperforms general-purpose
and current surgical-specific models in various benchmarks,
achieving state-of-the-art performance despite using only 3
billion parameters. While SurgPub-Video and Surgl.LaVA-
Video demonstrate strong performance, several limitations
remain. The benchmark tasks do not yet cover all or-
gan types or surgical scenarios, and fine-tuning on specific
datasets may limit generalization to unseen domains. More-
over, the current model relies on an existing architecture.
Future work will explore more specialized designs for sur-
gical video reasoning. Furthermore, we propose a compre-
hensive multi-task benchmark that systematically evaluates
model performance across diverse surgical procedures and
clinical tasks.
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