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Abstract

Endoscopic surgery demands continuous real-time
visual decision-making under severe constraints,
including a limited field of view, motion blur, and
dynamically deforming anatomy. These factors im-
pose substantial cognitive load on surgeons and
motivate the integration of artificial intelligence
(AI) throughout the endoscopic surgical workflow.
This survey reviews recent progress in AI for endo-
scopic surgery and organizes the literature into four
stages that span perception to action: (1) image en-
hancement and analysis methods that improve vi-
sual perception; (2) multimodal video understand-
ing approaches that model and reason about sur-
gical instruments and anatomical structures over
space and time; (3) 3D reconstruction techniques
that enable robust tracking and interpretation of
deformable anatomy; and (4) emerging paradigms
of embodied surgical intelligence, where action-
conditioned world models link perception to in-
traoperative assistance. Across these stages, we
summarize current capabilities and limitations and
identify key open challenges for clinical deploy-
ment. In addition, we provide an overview of 18
publicly available datasets, highlighting their scope
and annotations. We hope this survey will stimu-
late further research toward reliable and clinically
deployable AI systems for endoscopic surgery.

1 Introduction
Endoscopic surgery reduces patient trauma and accelerates
recovery compared to open procedures, but this benefit comes
at a perceptual cost. Unlike open surgery, where clinicians
have a global anatomical view and direct tactile feedback, en-
doscopic procedures require surgeons to navigate complex
anatomy through a narrow monocular (or near-monocular)
video stream that is frequently degraded by motion blur, tis-
sue occlusion, and organ deformation. The requirement to
understand a dynamic surgical environment using this 2D
video on screen imposes cognitive load, requiring surgeons
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to mentally reconstruct spatial relationships and infer tissue-
instrument interactions from fragmented visual cues. These
challenges motivate the development of AI-based tools ca-
pable of improving visual quality and extracting geometric
information from endoscopic video to assist in instrument lo-
calization and manipulation.

Recent advances in generative models, multimodal large
language models (MLLMs), and embodied intelligence have
inspired broader research interest in supporting endoscopic
surgery. Moving beyond treating surgical videos as passive
inputs for offline analysis, these advances point toward a new
paradigm of active, spatially grounded surgical assistance.

In this paradigm, learning systems are expected to recon-
struct 3D anatomy, localize surgical instruments and lesions
in the physical workspace, and ultimately support or auto-
mate robotic actions. These capabilities align more closely
with actual clinical workflows, offering direct support that is
genuinely in demand, especially given concerns about patient
safety and procedural variability.

The path toward realizing this vision, however, remains un-
clear, despite prominent progress across different areas. Ad-
vances have been made in perception, understanding, and
robotic control, but these developments are often pursued in
isolation. The resulting fragmentation obscures key system-
level bottlenecks, the dependencies between components, and
the research directions most likely to yield a clinically mean-
ingful impact. To address this gap, we present a systematic
review that synthesizes progress across these interconnected
areas and frames them within a unified embodied intelligence
perspective. Accordingly, we ask: what are the key steps to-
ward embodied intelligence in endoscopic surgery?

We organize this pathway into four progressively higher-
level stages as shown in Figure 1. (1) Visual Perception and
Processing focuses on learning robust visual representations
through image quality enhancement, domain and style nor-
malization, depth estimation, and segmentation. (2) Surgi-
cal Scene Understanding builds upon these representations to
reason about surgical entities and context, including tissues,
instruments, and procedural stages. (3) 3D Scene Recon-
struction lifts perception into a spatially grounded represen-
tation by recovering 3D structure and aligning reconstructed
models with the physical surgical workspace. (4) Embodied
Surgical Intelligence closes the perception–action loop by in-
tegrating visually-conditioned control, decision-making, and
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Figure 1: Toward endoscopic surgical intelligence. Starting from raw surgical data, endoscopic AI systems progressively transform per-
ception into understanding, align high-level reasoning with the 3D surgical world, and ultimately enable embodied intelligence that links
perception to planning and action in endoscopic surgery.

action-centric world models. For each stage, we analyze the
current methods, identify fundamental bottlenecks and open
challenges, and discuss how progress across stages can be
jointly leveraged rather than pursued in isolation.

Finally, to advance embodied intelligence research, we first
review existing datasets to highlight limitations in current
data regimes (e.g., scale, diversity, and action-level supervi-
sion) that hinder progress in embodied intelligence. We then
outline open research directions and articulate a long-term vi-
sion for embodied intelligence in endoscopic surgery and its
integration within the operating room.

2 Visual Perception and Processing
Visual perception forms the foundation of surgical intelli-
gence. However, raw surgical footage is often degraded by
blood, motion blur, and poor lighting, which can severely
compromise downstream analysis. Effective image process-
ing is therefore required to reveal informative visual cues and
stabilize subsequent interpretation. Addressing these chal-
lenges is essential for enabling higher-level understanding
and decision-making. Accordingly, this section focuses on
three core problems in visual perception: visual enhance-
ment, segmentation, and geometric perception.

2.1 Visual Enhancement
Visual enhancement transforms degraded endoscopic footage
into high-fidelity video suitable for downstream analysis.
Frame Processing. Early methods operate at the frame level.
LighTDiff [Chen et al., 2024] employs a diffusion architec-
ture for low-light enhancement, processing at a lower res-
olution before recovering fine details. LVQIS [Zheng et

al., 2023] uses MPRNet to mitigate motion blur and re-
store sharpness in laparoscopic videos. EndoL2H [Almali-
oglu et al., 2020] addresses resolution limitations in capsule
endoscopy through conditional GANs with spatial attention,
achieving up to 12× upscaling.
Video Processing. While efficient, frame-based methods
cannot enforce temporal consistency, resulting in visual jitter
and flickering across frames. This limitation motivates recent
work that shifts toward video-based modeling. DGGAN [Xu
et al., 2025a] propagates degradation representations across
neighboring frames to address multiple degradations includ-
ing uneven illumination and motion blur. RVDNet [Zhu et
al., 2025] utilizes smoke-free reference frames to guide video
desmoking in surgery, maintaining temporal coherence.
Discussion. Despite these advances, several key challenges
remain. First, unified models for compound degradations
(e.g., simultaneous smoke, blur, and low light) common
in surgical settings are still lacking. Second, the unre-
solved cost-consistency trade-off limits real-time deploy-
ment. Third, current methods are largely confined to syn-
thetic environments, and generalization to diverse real-world
scenarios remains insufficiently explored.

2.2 Segmentation and Tracking
Surgical segmentation and tracking aim to parse anatomi-
cal structures and instruments from endoscopic videos, under
challenges that differ fundamentally from natural scenes.
Anatomical Segmentation. Unlike natural images, surgical
anatomy exhibits weak texture cues and ambiguous bound-
aries between adjacent tissues. Existing methods primarily
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Visual
Perception

Enhancement Frame & Video Processing

LighTDiff [Chen et al., 2024]
LVQIS [Zheng et al., 2023]
EndoL2H [Almalioglu et al., 2020]
DGGAN [Xu et al., 2025a]
RVDNet [Zhu et al., 2025]

Segmentation
& Tracking

Anatomical Seg. &
Instrument Tracking

MoE-SAM [Li et al., 2025b]
SAM-EG [Trinh et al., 2024]
SurgicalSAM [Yue et al., 2024]
MA-SAM2 [Yin et al., 2025]
Zhang et al. [Zhang et al., 2025]
Xu et al. [Xu et al., 2025c]

Geometric
Perception

Semantic Merging &
Scale Ambiguity

DARES [Zeinoddin et al., 2024]
EndoUFM [Yao et al., 2025b]
EndoStreamDepth [Li et al., 2025a]

Surgical
Understanding

Workflow
Understanding

Fact Grounding &
Phase Recognition

LLaVA-Endo [Yao et al., 2025a]
MML-SurgAdapt [Walimbe et al., 2025]
SurgVLM [Zeng et al., 2025]
SurgeNetXL [Jaspers et al., 2025]
Surgformer [Yang et al., 2024a]
HecVL [Yuan et al., 2024]

Workflow
Reasoning

Causal Reasoning &
Quality Evaluation

SurgVLM [Zeng et al., 2025]
CARES [Low et al., 2025]
CholecMamba [Wang et al., 2025]
ORDiRS [Shen et al., 2025]

3D
Reconstruction

Static Scene Visual Uncertainty
& Occlusion

SVS [Sommersperger et al., 2023]
SurgicalGS [Chen et al., 2025b]
SurgTPGS [Huang et al., 2025]

Dynamic
Modeling

Deformation &
Topological Changes

T2GS [Xu et al., 2025b]
SimEndoGS [Yang et al., 2024b]
EndoGaussian [Liu et al., 2025]

Surgical
Intelligence

World Models High Fidelity
Simulation & Planning

Endora [Li et al., 2024]
SurgWorld [He et al., 2025]
PhysGaussian [Xie et al., 2024]
GAS [Lin et al., 2024]

VLA Models Embodied Decision &
Hierarchical Control

SRT-H [Kim et al., 2025]
MedFlamingo-PPO [Muppidi and Radfar, 2025]
SER [Fan and Chen, 2025]
EndoVLA [Ng et al., 2025]
SAFe-Copilot [Nguyen et al., 2025]

Figure 2: Taxonomy of AI-Driven Surgical Support: Perception, Understanding, Reconstruction, and Surgical Intelligence.

improve what can be segmented by injecting task-specific
inductive biases. MoE-SAM [Li et al., 2025b] routes fea-
tures through multiple organ-specialized experts, enabling
finer discrimination when texture statistics vary across or-
gans. While it is effective for known anatomical categories,
it assumes stable organ-specific appearance, limiting robust-
ness to unseen anatomy. SAM-EG [Trinh et al., 2024] instead
focuses on why boundaries fail by adding explicit edge super-
vision, improving localization in low-contrast regions. While
effective for boundary refinement, it cannot resolve semantic
ambiguity when tissues share similar edge patterns, as it does
not introduce higher-level anatomical reasoning.
Instrument Tracking. Instrument tracking faces a differ-
ent set of constraints: identity preservation under occlusion
and fast motion. Memory-based approaches such as MA-
SAM2 [Yin et al., 2025] explicitly address temporal discon-
tinuity by re-identifying instruments after occlusion. How-
ever, such mechanisms rely on appearance consistency and
degrade under severe motion blur. Zhang et al. [Zhang et
al., 2025] improve temporal stability by decoupling mask
generation from category prediction, reducing jitter during

rapid motion, but do not resolve inter-class ambiguity. Sur-
gicalSAM [Yue et al., 2024] tackles this by embedding cat-
egory priors, enabling discrimination between visually simi-
lar tools. Still, these methods remain fundamentally 2D and
thus fail to reason about physical interaction. Xu et al. [Xu
et al., 2025c] extend tracking to 3D, enabling estimation of
instrument–tissue contact and reasoning beyond appearance;
however, the approach requires predefined geometry, which
restricts scalability and generalization across instruments.
Discussion. Existing methods address isolated failure modes,
such as weak texture, boundary ambiguity, or occlusion,
through task-specific priors, but often sacrifice generalizabil-
ity. Moreover, heavy reliance on two-dimensional appearance
constrains the ability to reason about interactions between or-
gans and instruments. Overcoming these limitations requires
more realistic modeling in real surgical settings.

2.3 Geometric Perception
Geometric perception in surgical video aims to recover spa-
tial structure from monocular endoscopy. Deformable tissues,
specular highlights, and the lack of fixed landmarks make
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depth inference ill-posed, forcing surgeons to rely on subjec-
tive estimation rather than reliable geometric cues.
Monocular Depth Estimation. Most approaches focus on
improving relative depth consistency under adverse visual
conditions. DARES [Zeinoddin et al., 2024] enhances texture
cues to sharpen depth discontinuities, improving local bound-
ary perception under complex lighting. However, operating
purely on appearance, it cannot distinguish instruments from
tissue, leading to spatially plausible but semantically incon-
sistent depth predictions. EndoUFM [Yao et al., 2025b] ad-
dresses this limitation by coupling depth with semantic labels,
allowing geometry to be interpreted in a context-aware man-
ner. While this improves spatial coherence within a frame, it
does not address instability across time.
Temporal Stability. EndoStreamDepth [Li et al., 2025a] ex-
plicitly targets instability in depth estimation by enforcing
temporal smoothness, producing more stable depth streams.
Nevertheless, like other monocular methods, it remains lim-
ited to relative depth and cannot recover metric scale.
Discussion. Current approaches largely treat depth as a visual
reconstruction problem rather than a physical one. Relative
depth may suffice for perception enhancement, but it fails to
capture the true geometry required for safe interaction, such
as estimating clearance, force, or tool reach. In surgical set-
tings, where millimeter-level errors can be critical, the lack
of metric depth undermines reliability and limits automation.
This gap highlights the core geometric challenge: recovering
physically grounded 3D structure under deformable, reflec-
tive, and dynamic conditions, which remains unresolved by
monocular depth estimation alone.

3 Surgical Understanding
High-quality visual perception alone is insufficient for surgi-
cal intelligence; clinical decision-making requires structured
semantic understanding and reasoning about procedural con-
text. We distinguish surgical understanding into two com-
plementary levels: workflow understanding, which captures
objective surgical facts, and workflow reasoning, which eval-
uates procedural quality and safety.

3.1 Workflow Understanding
Workflow understanding aims to transform surgical video
into objective procedural records and temporal logic, such as
operative reports that accurately document what actions oc-
curred, when they occurred, and which surgical phase is cur-
rently underway.
Fact Grounding. Recent work introduces domain-specific
grounding to address this gap. LLaVA-Endo [Yao et al.,
2025a] uses professional terms to describe surgical steps.
MML-SurgAdapt [Walimbe et al., 2025] identifies opera-
tional intent by analyzing how instruments and tissues in-
teract. SurgVLM [Zeng et al., 2025] further demonstrates
that a unified model can support multiple workflow tasks,
improving record completeness. Nevertheless, these models
remain sensitive to institutional variations in equipment and
protocols, leading to unstable performance in unseen environ-
ments.

Phase Recognition. Phase recognition supports operating
room scheduling and risk warnings by capturing the temporal
logic and long-term dependencies of surgical workflows. Sur-
geNetXL [Jaspers et al., 2025] and Surgformer [Yang et al.,
2024a] improve generalization via pretraining and modeling
efficiency through hierarchical designs, respectively. Further-
more, by aligning visual observations with professional ter-
minology (e.g., HecVL [Yuan et al., 2024]) and incorporating
instrument intent recognition, these methods convert complex
visual evolution into structured clinical facts, enabling precise
partitioning of complex surgical phases.
Discussion. Existing approaches effectively capture what
happens during surgery but rely heavily on learned correla-
tions tied to specific data distributions, making them sensi-
tive to shifts in visual appearance or procedural conventions.
Developing methods that are less dependent on institutional
style and more deeply grounded in invariant surgical princi-
ples remains an important direction for future work.

3.2 Workflow Reasoning
Workflow reasoning shifts from factual description to evalua-
tive judgment, addressing whether surgical actions are safe
and clinically appropriate. Traditional approaches rely on
low-level kinematic metrics, which capture motion patterns
but often fail to reflect adherence to surgical standards.

Recent methods introduce explicit clinical reasoning.
SurgVLM [Zeng et al., 2025] and CARES [Low et al., 2025]
leverage language-based evaluation and causal modeling to
assess procedural quality and identify hazards. Similarly,
CholecMamba [Wang et al., 2025] and ORDiRS [Shen et al.,
2025] ensure reasoning consistency and operational safety
through temporal modeling and digital twin grounding, re-
spectively.
Discussion. While language-based reasoning improves inter-
pretability, current models struggle to maintain logical con-
sistency over long procedures and to ground abstract judg-
ments in actionable signals. The inability to translate reason-
ing outputs into executable safety constraints remains a key
barrier, limiting the integration of workflow reasoning into
autonomous surgical systems.

4 3D Reconstruction
Three-dimensional (3D) reconstruction provides spatial con-
text that is absent in two-dimensional endoscopy, enabling
intuitive perception of anatomical depth and structure. This
geometric understanding serves as a foundation for robotic
assistance and clinical decision-making. This section exam-
ines how different reconstruction paradigms balance fidelity,
editability, and real-time performance in surgical settings.

4.1 3D Representations
The choice of 3D representation largely determines whether
a reconstruction can support intraoperative interaction. Voxel
grids explicitly encode volumetric information but scale
poorly and incur high memory and computational costs, lim-
iting real-time use. Mesh-based representations reduce stor-
age by modeling surfaces and are well-suited for smooth
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anatomy; however, their fixed topology makes them frag-
ile under large tissue deformations. Point clouds offer a
lightweight alternative but are often too sparse to support pre-
cise boundary reasoning.

Implicit neural representations model (e.g., NeRF [Milden-
hall et al., 2020]) continuous geometry and appearance,
achieving high visual fidelity and reduced artifacts. How-
ever, their reliance on iterative optimization and expensive
rendering introduce latency that is incompatible with real-
time surgical requirements. These limitations have motivated
explicit alternatives such as 3D Gaussian Splatting [Kerbl et
al., 2023], which represents scenes using learnable Gaussian
primitives.
Discussion. Selecting a 3D representation involves a funda-
mental trade-off between geometric expressiveness and com-
putational efficiency. While continuous representations ex-
cel in visual quality, explicit geometric primitives are bet-
ter aligned with real-time constraints. As a result, Gaussian-
based representations have gained traction as a balanced solu-
tion that supports interactive performance while maintaining
sufficient geometric realism for surgical applications.

4.2 Static Scene Reconstruction
Static reconstruction aims to restore accurate geometry to
support spatial reasoning in visually ambiguous surgical
scenes, such as texture-poor endoluminal environments. A
key challenge is depth ambiguity caused by single-source il-
lumination, which weakens natural shading cues. SVS [Som-
mersperger et al., 2023] addresses this issue by introducing
artificial shadows, enhancing depth perception without alter-
ing underlying geometry.

Another major challenge arises from frequent occlusions
caused by surgical instruments. SurgicalGS [Chen et al.,
2025b] addresses this issue by inferring occluded anatomy to
preserve spatial continuity during tool interaction. More re-
cent work moves beyond purely static reconstruction toward
interactive representations. For example, SurgTPGS [Huang
et al., 2025] integrates geometry with language, allowing sur-
geons to query spatial structures directly.
Discussion. Static reconstruction assumes an unchanging
anatomy, enabling spatial understanding but limiting its ap-
plicability to visualization. As a result, such models are lim-
ited in supporting tasks that require reasoning about procedu-
ral changes or surgical interventions.

4.3 Dynamic and Generative Modeling
Dynamic reconstruction [Chen et al., 2025a] handles evolv-
ing surgical scenes involving tissue deformation, instrument
interaction, and structural changes from cutting. T2GS [Xu
et al., 2025b] enables localized updates by decoupling instru-
ment motion from tissue deformation to reduce drift. SimEn-
doGS [Yang et al., 2024b] integrates physical constraints
to simulate geometric changes after tissue removal and im-
proves scene alignment.

Recent studies increasingly incorporate generative mod-
els. EndoGaussian [Liu et al., 2025] uses deformation layers
to preserve geometric consistency and reduce flicker during
rapid motion. However, drastic topological changes like ex-
cision or fragmentation remain difficult to model.

Discussion. Dynamic models move reconstruction from pas-
sive display toward interactive simulation, but at the cost of
stability and efficiency. While deformation can be tracked,
topological changes and long-term consistency remain unre-
solved. Bridging physical realism with real-time responsive-
ness is essential for deploying dynamic reconstruction in au-
tonomous or semi-autonomous surgical systems.

5 Embodied Surgical Intelligence
Embodied surgical intelligence extends beyond perception
to enable actionable decision support, with the goal of im-
proving safety and efficiency through autonomous or semi-
autonomous systems. A central challenge is the scarcity of
paired data that jointly captures surgical video, language, and
robot-executable action representations. To address this lim-
itation, surgical world models simulate procedural dynam-
ics to generate scalable multimodal supervision, while vi-
sion–language–action (VLA) models leverage this structure
to translate clinical intent into executable behavior.

5.1 Surgical World Models
Surgical world models aim to predict how the surgical en-
vironment evolves in response to actions, enabling systems
to evaluate outcomes before execution. This predictive ca-
pability is essential for risk-aware planning, such as antici-
pating tissue deformation during cutting or visibility changes
caused by bleeding. Existing approaches largely diverge into
two complementary routes, differing in how explicitly they
model visual and physical detail.
High-Fidelity Simulation Route. High-fidelity ap-
proaches prioritize pixel-level realism, treating visual
accuracy as the foundation for reliable prediction. Endora [Li
et al., 2024] achieves realistic endoscopic rendering, and
SurgWorld [He et al., 2025] advances this by learning
action-controllable dynamics from unlabeled videos, while
PhysGaussian [Xie et al., 2024] further constrains models
with physical laws to ensure plausible tissue deformation.
Efficient Planning Route. In contrast, efficient planning
approaches operate in compact latent spaces, assuming that
high-resolution visual detail is largely redundant for control.
GAS [Lin et al., 2024] exemplifies this strategy by optimiz-
ing robotic actions through forward prediction without full
image synthesis, enabling high-frequency control suitable for
delicate manipulation.
Discussion. High fidelity simulations model complex phe-
nomena but cause latency unsuitable for real time control.
These methods suit offline evaluation rather than direct sur-
gical decision making. Conversely, planning routes prioritize
speed for interactive assistance. However, compressed repre-
sentations may discard clinical details and raise safety con-
cerns. Balancing model compactness with essential medical
information remains a major challenge.

Surgical world models have transitioned from theory into
essential foundations for modern robotics. The current tra-
jectory involves merging efficient planning with realistic
physics. This allows robots to run parallel simulations to an-
ticipate complications and optimize precise tissue handling
before execution.
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Dataset Type Organs Supported Tasks Scale / Resolution
Rec. Loc. Seg.

Synthetic Datasets (Computer-Generated)
Endo-SLAM [Ozyoruk et al., 2021] Synthetic Stomach • • • 35k frames (320× 320)
UCL [Rau et al., 2019] Synthetic Colon • ◦ ◦ 16k frames (256× 256)
EndoMapper [Azagra et al., 2023] Synthetic Colon • • ◦ 6 seq. (Dense GT)
Simulation platform [Zhang et al., 2020] Synthetic Colon ◦ • ◦ 15 cases (640× 480)

Phantom Datasets (Physical Models)
SCARED [Allan et al., 2021] Phantom Abdomen • • ◦ 23k frames (1280× 1024)
Endo-SLAM [Ozyoruk et al., 2021] Phantom GI Tract • • ◦ 42k frames (640× 480)
EndoAbs [Penza et al., 2018] Phantom Spleen • • • 120 frames (640× 480)
SERV-CT [Edwards et al., 2022] Phantom Abdomen • ◦ • 16 stereo pairs (256× 256)
Colonoscopy Depth [Yang et al., 2023] Phantom Colon • ◦ ◦ 16k frames (256× 256)

Surgical Datasets (Clinical Procedures)
Gastric-X [Lu et al., 2026] Surgical Stomach • • • 7.1k CT scans (288× 288)
EndoMapper [Azagra et al., 2023] Surgical Colon • • ◦ 59 seq. (320× 240)
C3VD [Bobrow et al., 2023] Surgical Colon • • ◦ 10k frames (675× 540)
Stereo surgical [Chen et al., 2023] Surgical Lymph • ◦ ◦ 128GB (1920× 1080)
Colon10k [Posner et al., 2023] Surgical Colon ◦ ◦ • 10k frames (270× 216)
CVC-ClinicDB [Mahmood et al., 2018] Surgical Colon ◦ ◦ • 612 frames (576× 768)
Oblique/En-face [Wang et al., 2024] Surgical Colon • ◦ ◦ 94 seq. (270× 216)
LDP-PolypVideo [Cheng et al., 2021] Surgical Colon ◦ ◦ • 4.2M frames (560× 480)
Sinus Surgery [Qin et al., 2020] Surgical Sinus ◦ ◦ • 9k frames (256× 256)

Table 1: Overview of datasets for endoscopic vision. The table categorizes datasets into Surgical (clinical procedures), Phantom (physical
models), and Synthetic (computer-generated). Supported tasks are indicated based on ground truth availability: Rec. (Reconstruction/Depth),
Loc. (Localization/Pose), and Seg. (Segmentation/Detection). • indicates fully supported, while ◦ denotes lack of support.

5.2 Surgical Vision-Language-Action Models
Vision-Language-Action (VLA) models bridge high-level
clinical intent and low-level robotic execution, enabling
agents to interpret complex instructions in unstructured surgi-
cal environments. Current research optimizes these systems
across two primary dimensions: task execution quality and
physical motion control.

Embodied Decision Making and Execution. Reliable sur-
gical VLAs require strict adherence to clinical protocols
and expert heuristics. Beyond traditional imitation learn-
ing, MedFlamingo-PPO [Muppidi and Radfar, 2025] and
SER [Fan and Chen, 2025] embed procedural rules and vir-
tual fixtures as explicit policy constraints to circumvent un-
safe exploration. Recent advancements focus on expert-
driven alignment to incorporate refined clinical logic. For
instance, SurgWorld [He et al., 2025] leverages world mod-
eling to align surgical actions with expert text descriptions.
This alignment improves the model’s generalization ability
across different anatomical structures and techniques, ensur-
ing its robustness to intraoperative unpredictability.

Hierarchical Control. Hierarchical control decomposes
surgical tasks into distinct layers to separate high-level plan-
ning from low-level execution. Precise surgical intervention
requires continuous and responsive motion. Discrete action
representations often introduce discontinuities, which are un-
acceptable in surgery due to the risk of tissue damage. To

ensure smooth execution, EndoVLA [Ng et al., 2025] utilizes
reinforcement learning and continuous control formulations.
Additionally, although SRT-H [Fan and Chen, 2025] splits
planning and control to reduce delay, this separation causes
the system to miss sudden events because it only observes the
environment intermittently. To mitigate these risks, SAFe-
Copilot [Nguyen et al., 2025] introduces semantic arbitration.
This framework utilizes safety contracts to dynamically real-
locate control authority between the agent and the surgeon,
maintaining real-time responsiveness during critical incidents
like bleeding or tissue slippage.
Discussion. Current surgical VLA models rely on modu-
lar designs that separate perception, reasoning, and control.
While this improves stability and reduces latency, it limits the
system’s ability to respond to unexpected events that unfold
continuously during surgery. Motion smoothness and rule-
based safety can be enforced locally, but they do not provide
the global awareness needed to handle anatomical variabil-
ity and procedural deviations. Even with the introduction of
arbitration mechanisms, achieving reliable real-time respon-
siveness remains difficult. Future progress depends on the
tighter integration of perception and action, enabling deci-
sions to adapt in real time as the surgical scene evolves.

6 Datasets
Data quality and diversity determine the performance of en-
doscopic vision models. This section analyzes technical chal-

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



lenges, categorizes available datasets, and discusses regula-
tory constraints governing their clinical application.

6.1 Challenges in Dataset Construction
The development of endoscopic models is primarily hindered
by a fundamental trilemma among label precision, visual real-
ism, and data diversity. These constraints necessitate a multi-
source data paradigm.

First, real surgical videos provide authentic visuals but lack
precise labels. Synthetic data offers accurate labels but lacks
realistic textures. This gap makes it difficult to train mod-
els that achieve both visual robustness and geometric accu-
racy. Second, surgical data labeling requires specialized clin-
ical knowledge. Manual labeling by experts is expensive and
slow. Differences in judgment among annotators introduce
noise. Automated label generation in simulated environments
is a practical way to acquire large-scale data. Third, most
datasets focus on routine procedures, with rare events such as
surgical complications being insufficiently represented. This
distribution imbalance limits generalization in extreme cases.

6.2 Taxonomy of Endoscopic Datasets
To address these challenges, the research community lever-
ages a diverse set of data resources, which can be broadly
categorized into synthetic, phantom and clinical surgical
datasets, as summarized in Table 1.

Synthetic datasets use computer graphics to generate large-
scale data with precise labels, enabling efficient training and
low annotation costs, as well as the simulation of rare clin-
ical scenarios that are difficult to capture in vivo. Phantom
datasets rely on physical organ models and external track-
ing to provide accurate labels in controlled settings, offering
a more realistic appearance than synthetic data while retain-
ing the precision needed for technical validation under real-
istic sensing conditions. Clinical datasets are collected dur-
ing real procedures and provide authentic depictions of tis-
sue deformation and surgical artifacts, but suffer from limited
and noisy annotations due to practical constraints. Recently,
benchmarks like Gastric-X [Lu et al., 2026] have advanced
this by aligning multi-phase CT and endoscopic imagery with
biochemical indicators to reflect holistic clinical workflows.

7 Future Works
Physically Grounded Clinical Modeling. Most current
models rely heavily on visual correlations, with limited in-
corporation of physical laws or medical principles. Yet safe
surgical assistance depends on understanding how tissue de-
forms, how forces propagate, and how actions affect anatomy
and risk. Future work should integrate physical modeling
and medical knowledge directly into learning frameworks,
enabling systems to reason about deformation, contact, and
procedural constraints rather than inferring them implicitly
from appearance.

Real-Time Closed-Loop Integration. Many existing ap-
proaches are developed without strict real-time requirements,
assuming delayed inference or offline optimization. In
surgery, however, models must operate under tight latency
budgets. Future research should treat real-time operation as a

core constraint, favoring models that support incremental up-
dates, low-latency inference, and predictable execution while
balancing model expressiveness.

Integrated System. Current systems often separate per-
ception, understanding, and control into loosely connected
stages, leading to delayed feedback and brittle behavior. A
key future direction is the development of integrated archi-
tectures in which perception continuously informs reasoning
and reasoning directly shapes action in a closed loop. Such
integration would allow surgical systems to adapt online to
evolving anatomy and unexpected events.

8 Ethical Considerations
The clinical deployment of AI systems for endoscopic
surgery is constrained by regulatory, safety, and ethical re-
quirements. Translating research advances into operating-
room practice requires clear accountability, responsible data
governance, and sustained safety assurances.

Data Privacy. Surgical data constitute sensitive patient in-
formation, and regulatory restrictions on data sharing often
lead to fragmented datasets and institution-specific models.
This limits generalizability and raises concerns across clin-
ical settings. Clear standards for data anonymization, data
use, and accountability are therefore essential for both ethical
compliance and robust model development.

Liability and Explainability. As AI systems increasingly
influence surgical decisions and actions, opaque model be-
havior complicates responsibility assignment in the event of
failure. Without transparent and auditable decision processes,
regulatory approval is difficult to obtain and clinical trust re-
mains limited, restricting the level of autonomy that can be
safely delegated to AI systems.

Safe Deployment. Model deployment requires ongoing
oversight beyond initial approval. Surgical environments
evolve over time, and models must remain reliable under dis-
tribution shifts and rare events. Ethical deployment there-
fore demands supervision, uncertainty awareness, and post-
deployment monitoring to ensure sustained safety.

9 Conclusion
Endoscopic surgical intelligence is moving beyond passive
video analysis toward systems that actively support intraop-
erative decision-making. In this survey, we have framed this
evolution through a perception-to-action pipeline. Although
notable progress has been made at individual stages, exist-
ing methods are often developed in isolation, limiting real-
time performance and overall reliability. Because surgery is
dynamic and safety-critical, effective systems must be physi-
cally grounded, temporally responsive, and tightly integrated.
Future advances will therefore depend on unifying percep-
tion, reasoning, and control into coherent, real-time frame-
works that respect both physical and clinical constraints. We
hope this survey draws greater attention to these challenges
and highlights new research directions that could stimulate
the further development of endoscopic surgical intelligence.
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