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Abstract
With the advances in surgical robotics, robot-assisted endoscopic
submucosal dissection (ESD) enables rapid resection of large lesions,
minimizing recurrence rates and improving long-term overall sur-
vival. Despite these advantages, ESD is technically challenging
and carries high risks of complications, necessitating skilled sur-
geons and precise instruments. Recent advancements inMultimodal
Large Language Models (MLLMs) offer promising decision support
and predictive planning capabilities for robotic systems, which
allow the robot to complete complex tasks in more challenging
scenarios. However, the training of MLLMs requires large-scale,
well-annotated datasets, and existing datasets for multi-level fine-
grained ESD surgical motion reasoning are scarce and lack detailed
annotations. In this paper, we design a hierarchical decomposition
of ESD motion granularity and introduce a multi-level surgical mo-
tion dataset (CoPESD) for training MLLMs as the robotic Co-Pilot
of Endoscopic Submucosal Dissection. CoPESD includes 17,679
images with 32,699 bounding boxes and 88,395 multi-level mo-
tions, from over 35 hours of ESD videos for both robot-assisted and
conventional surgeries. Extensive experiments demonstrate the ef-
fectiveness of CoPESD in training MLLMs to comprehend surgical
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scenarios and reason following surgical robotic motions. As the
first multimodal ESD motion dataset, CoPESD supports advanced
research in ESD motion decision-making and surgical automation.
The dataset is available at https://github.com/gkw0010/CoPESD.

CCS Concepts
• Computing methodologies→ Scene understanding; Natu-
ral language generation; • Applied computing → Life and
medical sciences.
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scopic Submucosal Dissection, Multimodal Large Language Models
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1 Introduction
Endoscopic submucosal dissection (ESD) was initially proposed in
1988 as a minimally invasive technique for the treatment of early-
stage gastric neoplasms, obviating the necessity for open surgical
intervention. In the following decades, its application has broadened
to encompass a variety of locations within the gastrointestinal
(GI) tract, extending even to the resection of deeper non-epithelial
lesions [5, 10, 27]. With the development of advanced surgical
robotics, robot-assisted ESD is an emerging technique to facilitate
the rapid en-bloc resection of large lesions, which is crucial for
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Figure 1: Illustration of Endoscopic Submucosal Dissection
with different system instruments. (a) ESD surgery in the
gastric body. (b) Endoscopic view of robot-assisted ESD. (c)
Endoscopic view of conventional ESD.

minimizing recurrence rates and enhancing long-term survival [11,
35, 52]. Despite these benefits, ESD procedures are still technically
challenging, with a high risk of complications such as perforation
and bleeding, necessitating surgeons with exceptional skill and
instruments with high dexterity and manipulation accuracy [42, 55].

In recent years, Multimodal Large Language Models (MLLMs)
have demonstrated superior capabilities in decision support andmo-
tion planning for robotic systems [9, 23, 48, 53, 54, 56]. Fu et al. [12]
have pioneered the MLLMs for surgical decision-making. The robot-
assisted ESD can also benefit from MLLM’s strength based on the
availability of a large-scale vision-language dataset for ESD sur-
gical motions. If there is a vision-language dataset annotated by
fine-grained ESD motions, the MLLMs can learn from substantial
experts’ determination and serve as a co-pilot to augment surgeons’
teleoperation accuracy for robot-assisted or traditional ESD and
further mitigate procedural risks. Such a co-pilot is especially valu-
able for less experienced surgeons. However, current datasets on
ESD procedures are significantly scarce. Although there have been
efforts towards ESD data construction, existing datasets [3, 13, 20]
remain inaccessible. The open-source dataset [7] focuses on work-
flow recognition and lacks fine-grained motion annotations.

To satisfy the demands for a comprehensive vision-language
dataset for ESD surgical scene understanding and motion reason-
ing, we first conduct a hierarchical decomposition of ESD surgical
motion, which is a critical task for reasoning accurate surgical
motions. The granularity levels, from high to low, encompass op-
eration, task, surgeme, and motion primitive, etc. Most studies on
surgical workflow recognition primarily target the task level [7].
In contrast, our focus is on the lower motion level definition that
is more closely aligned with robotic execution, which can provide
more sophisticated guidance for surgeons. Consequently, we pro-
pose CoPESD, a multi-level surgical motion dataset for training
MLLMs as the Co-Pilot of ESD. CoPESD comprises 17,679 images,
each annotated with five levels of robotic motion instructions and
corresponding bounding boxes. Figure 1 illustrates both techniques
and procedures performed in the gastric stomach.

Using our proposed CoPESD dataset, we effectively adapt state-
of-the-art MLLMs to function as ESD co-pilots to support surgical

motion decision-making. Specifically, images are provided as inputs
along with high-level language instructions. The MLLMs are guided
to perceive surgical scenes, thereby outputting low-level robotic
motion instructions. In summary, our contributions are threefold:
First, we achieve a granular decomposition of surgical motions,
providing precise motion definitions for ESD. Second, we develop
CoPESD, a large-scale vision-language dataset that significantly
enhances the resources available for ESD surgical scene understand-
ing and motion reasoning. Lastly, our comprehensive evaluations
of MLLMs demonstrate the significant effectiveness of CoPESD in
reasoning low-level surgical motions, which allows the MLLM to
offer precise guidance to surgeons. As the first multimodal ESD
surgical motion dataset, CoPESD is poised to advance research
in ESD motion decision-making and facilitate the development of
reasoning-based models for kinematic information prediction.

2 Related Work
2.1 Language Motion Processing in Robotics
Advancements in natural language processing (NLP) have garnered
significant interest in the field of robotics [31, 49], particularly in the
context of learning groundings between visual and language modal-
ities [24, 32]. Achievements in human-robot interaction encompass
the development of an interactive fetching system capable of localiz-
ing objects referenced in natural language expressions [18, 40, 57].
Furthermore, there has been an increasing focus on developing
language-conditioned policies for continuous visuomotor control
in three-dimensional environments, employing methods such as
imitation learning [21, 33, 47] and reinforcement learning [4, 39, 46].
To establish standardized benchmarks and algorithm implemen-
tations, [36] proposes CALVIN. Recent advances in MLLMs have
enabled the development of Vision-Language-Action (VLA) mod-
els capable of end-to-end task execution [6, 25, 43]. These models
jointly interpret natural language instructions, perform planning,
and generate low-level control commands in a closed-loop man-
ner [9]. Empirical results demonstrate that such models exhibit
strong generalization to novel daily scenarios [37]. However, these
models often fail to generalize to surgical domains, due to the large
domain shift between surgical and general-purpose environments,
and the higher complexity and precision demands of surgical tasks.

2.2 Language Motion Processing in Surgery
The concept of surgical language motion processing originated
from the need to create more intuitive and efficient ways for sur-
geons to control robotic systems during complex procedures. This
approach allows for the translation of verbal commands into pre-
cise robotic movements, streamlining the surgical work. Pioneering
work [38] introduces a DVRK-based framework that integrates
language motion processing with the Robot Operating System to
automate surgical subtasks. Ginesi et al. [17] further contribute to
this field by exploring situation awareness and autonomous task
planning. They highlight the role of dynamic motion primitive and
volumetric obstacle avoidance, enhancing the robot’s capability
to interpret and execute complex commands. Nguyen et al. [41]
emphasize how AI can be used to refine the surgical pattern cut-
ting of natural language instructions. Recently, the application of
MLLMs in surgery has gained increasing attention [26, 53]. For
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Level of 
Granularity Definition Complexity Time

Span Example

Operation
The entire invasive part of 
Endoscopic Submucosal 

Dissection.
Very High 20-40

min
 

Task
Specific surgical activities within 

ESD that aims to achieve a 
particular goal.

High 1-15
min

Surgeme An elementary surgical action of 
determined surgical task. Moderate 0.1-10

min

Motion
Primitive

Basic unit of motion patterns, 
indicating fundamental 

movements that the robotic 
system can execute.

Low 1-5
sec

Navigating
Motion

Primitive

Basic unit of motion patterns 
with a specific direction that can 
be directly translated into robot 

commands. 

Very Low 1-5
sec

Endoscopic Submucosal Dissection

Marking ··· Submucosal Dissection

Forceps lift the mucosa flap 
with the assistant of Knife ···Knife dissects the 

mucosa flap.

Forceps reach the mucosa flap 
and Knife reaches the mucosa flap.

Forceps lift the mucosa flap and 
Knife reaches the mucosa flap. ···

Forceps lift the mucosa flap upward and 
Knife moves to the edge mucosa flap.

Forceps lift the mucosa flap downward 
and Knife moves to the edge mucosa flap.···

Figure 2: Overview of different levels of surgical motion granularity for Endoscopic Submucosal Dissection.

instance, Surgical-LLaVA [22] uses the instruction-tuning para-
digm of LLaVA [29] by introducing surgical video description an-
notations into the MLLM training process. SCAN [19] proposes
a memory-augmented querying mechanism that improves visual
question answering (VQA) performance. GP-VLS [45] formulates
multiple surgical tasks within a unified QA framework by rep-
resenting the outputs of diverse tasks in textual form. However,
they focus on describing the surgical image or video clip, lacking a
deeper understanding of the surgical context and reasoning over
subsequent motions, which limits their utility for precise decision-
making. Therefore, we propose the CoPESD dataset to address these
limitations by providing a comprehensive multimodal dataset with
detailed annotations across multi-level surgical motion granularity.

3 Dataset and Benchmark
3.1 Endoscopic Submucosal Dissection Systems
ESD employs a flexible endoscope to pass through a natural orifice
(mouth or anus) and GI tract. The endoscope tip is integrated with
a camera to visualize the GI tract for endoscopists. Behind the en-
doscope tip, the endoscope features a bending section with two de-
grees of freedom (DoF), pitch and yaw, which are teleoperated by an
endoscopist via the proximal handwheels or master console to exe-
cute the real-time lesion location [35]. Our study encompasses both
traditional and robot-assisted ESD systems. The traditional ESD
instruments have limited dexterity, thus their positioning process
to targeted lesions generally depends on the maneuverability of the
flexible endoscope. To reduce the high reliance on endoscopy skills
and improve the dexterity of ESD instruments, robotic technologies
are applied to ESD. Our previous work proposed DREAMS[14], a
novel system that includes the transendoscopic flexible parallel
continuum wrist (FPCW) with three DoFs and multi-functional
instruments (such as electric knives, injection needles and forceps).
During ESD procedures, the endoscopist can use the master hands
to teleoperate two FPCW instruments to perform ESD bimanually.

3.2 Multiple Motion Granularity Levels
The hierarchical decomposition of surgical motion patterns is criti-
cal for advancing the ESD automation framework. Surgical inter-
ventions and the movements of the surgeon can be systematically

decomposed into elements of varying granularity [16, 34, 51]. Al-
though the literature has defined multiple granularity levels for
certain surgical scenarios, a comprehensive and consistent frame-
work has not yet been developed for ESD. In order to facilitate the
decomposition and partial automation of ESD surgical motions, we
define the procedure granularity levels based on prior research [38],
as illustrated in Figure 2. From a hierarchical perspective, the Op-
eration and Task delineate the surgical name and workflows. The
Surgeme refers to the high-level language instructions. Tool mo-
tions are categorized into Motion Primitive and Navigating Motion
Primitive. Previous studies have primarily focused on task level,
wherein tasks are executed to achieve specific goals, aligning with
the concept of partial automation. These tasks can be subdivided
into several surgemes, which are typically task-specific. Within the
operational context of ESD, surgemes can be constructed from a uni-
versal set of motion primitives. This prompts us to develop a motion
primitive library comprising universal motion implementations,
facilitating closer alignment with robotic execution.

To construct the motion primitive library, we define the exe-
cution conditions for different surgemes. The primary execution
condition is the state of the mucosal flap. For instance, if the mu-
cosal flap has been lifted by the Forceps, the Knife will initiate the
dissection (refer to the flowchart in the supplementary for addi-
tional details). Another critical condition is scene corruption during
the surgeme. Given the complexity of the surgical scene, lens de-
viation and blurring can cause scene corruption, necessitating the
cessation of all motions until the scene returns to normal. Further-
more, the direction of motion is pivotal for robot-assisted surgery.
It can be predetermined based on the interaction status and rel-
ative positioning of the mucosal flaps with surgical instruments.
Therefore, we introduce a navigating motion primitive to enhance
the motion primitive library’s alignment with robotic execution,
thereby providing more guidance instructions to the surgeon.

3.3 Data Construction
Our CoPESD dataset construction pipeline comprises the following
steps: (1) collecting and clipping ESD videos, (2) extracting and
enhancing images for bounding box annotation, (3) designing multi-
level surgical motions and labeling each image, and (4) aggregating
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Figure 3: Overview of the construction pipeline for our CoPESD dataset, involving four key steps: video extraction, motion
enrichment, bounding box annotation, and data aggregation.

image and text modality data to construct the CoPESD dataset. The
detailed overview of the pipeline is presented in Figure 3.

Collection and Clipping of Representative ESD Videos. The ini-
tial step is acquiring videos utilizing the DREAMS system and
traditional ESD methods. The animal study is approved by the In-
stitutional Ethics Committee on Animal Experiments (Approval
No. DWLL-2021-021). A total of 35 hours of video recordings from
40 complete ESD procedures performed on four in-vivo porcine
models are collected. Based on criteria including video quality and
surgical completeness, 13 procedures utilizing the DREAMS system
and 6 conventional ESD procedures are selected for inclusion in the
dataset. The ESD videos are recorded at 30 FPS with a resolution
of 1920×1080. Following video preprocessing, expert endoscopists
from Qilu Hospital provide the ESD surgical task annotations, en-
compassing six tasks: marking, injection, circumferential incision,
subsidized injection, installation and debugging, and submucosal
dissection. We specifically select and clip video sequences related
to the submucosal dissection task, due to its high degree of soft
tissue interaction and procedural complexity.

Image extraction and enhancement. We sample the video se-
quences at 1 FPS to create the CoPESD dataset, cropping the op-
erator interface portion to achieve a final image resolution of
1306×1009. Given the constant motion of surgical instruments
within the scene, the extracted images often contain motion shad-
ows, which could obscure key features and impair model perception.

We manually eliminate images with residual shadows. Additionally,
due to GI anatomical constraints and hardware limitations, ESD vi-
sual signals may suffer from insufficient illumination, complicating
the learning and prediction of surgical motions. To address this, we
enhance image brightness using the LLCaps [2]. Following image
processing, we annotate the bounding boxes of instruments present
in each image, providing grounding information for MLLMs.

Multi-level surgical motion designing and annotation. As detailed
in Section 3.2, we define motion granularity levels to obtain ESD
surgical motions. To ensure high-quality annotations, the following
steps are conducted: first, two trained medical annotators indepen-
dently annotated the images. Subsequent to the initial annotation,
cross-validation is performed, and any uncertainties that arose dur-
ing this process are resolved through a collaborative discussion
between two experienced endoscopists. Discussions occur when
the surgical scene is highly complex or the direction of dissection
is not clear. After completing all annotation tasks, these two endo-
scopists conducted quality control of the entire dataset. Annotation
evaluation depends not only on visual cues but also on practical
experience to decide on surgical motions and directions. Consider-
ing the inherent complexity and richness of natural language, we
use the GPT-4 [1] to generate five variants for each type of motion.
During the generation process, each variant retains the original
semantic meaning while differing in phrasing, ensuring a diverse
representation of surgical motions.
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Table 1: Quantitative comparison between different MLLM models using the CoPESD dataset.

Model Image Resolution LLM backbone GPT Score mIoU (%)
10%shot 50%shot 100%shot 10%shot 50%shot 100%shot

LLaVA-ESD 3362 LLaMA2-7B 83.44 84.03 83.98 30.80 59.22 60.23
LLaMA2-13B 83.65 84.43 83.62 48.00 61.94 59.42

SPHINX-ESD
5122 LLaMA2-7B 84.59 85.03 84.32 70.08 69.38 67.38

LLaMA2-13B 84.53 85.12 85.39 69.24 68.63 69.18

10242 LLaMA2-7B 84.69 85.14 85.22 67.53 70.00 69.35
LLaMA2-13B 84.94 84.80 85.63 71.01 70.02 70.48

Table 2: Quantitative full-shot performance comparison of motion type and direction generation.

Model Image Resolution LLM backbone Motion Direction
Accuracy (%) F-score (%) Accuracy (%) F-score (%)

LLaVA-ESD 3362 LLaMA2-7B 87.16 51.43 58.33 34.29
LLaMA2-13B 86.90 50.22 58.14 34.39

SPHINX-ESD
5122 LLaMA2-7B 87.66 50.48 58.94 35.61

LLaMA2-13B 88.70 61.46 60.24 50.43

10242 LLaMA2-7B 88.14 55.63 63.01 38.51
LLaMA2-13B 89.06 61.98 63.12 52.95

Finally, the images obtained through these steps, along with
their corresponding multi-level ESD motions and bounding box
annotations, are aggregated and formatted to contribute to the
CoPESD dataset, comprising 17,679 images annotated with 32,699
bounding boxes and 88,395 multi-level motions.

4 Experiments
4.1 Training Details
To evaluate the effectiveness of our proposed CoPESD dataset, we
conduct extensive experiments by adapting MLLMs to serve as an
ESD co-pilot. Specifically, the input to the MLLMs consists of visual
images paired with Surgemes, which serve as high-level motion
commands. The MLLMs are prompted to comprehend the surgi-
cal scene and subsequently produce Navigating Motion Primitives
as meticulous low-level motion instructions. We adopt SPHINX-
X [15] and LLaVA-1.5 [28] as our baseline models. Open-sourced
pretrained weights are fine-tuned on our CoPESD dataset, with the
resulting models referred to as SPHINX-ESD and LLaVA-ESD in
the experimental results. We experiment with two different model
sizes, incorporating LLaMA-2-7B or LLaMA-2-13B [50] backbones.
During the fine-tuning, we employ the cosine learning rate sched-
uler with an initial learning rate of 2e-5 and a total batch size of 64
for both SPHINX-ESD and LLaVA-ESD variants.

Moreover, we perform a thorough ablation study to assess the
impact of image resolution and data proportion during fine-tuning.
For the SPHINX-ESD series, we employ an input resolution of 512×
512, consistent with its original input image resolution for a mixed
visual encoder consisting of ConvNeXt [30] and DINO-v2 [8]. We
also explore an input resolution of 1024× 1024, following the image
partition method in SPHINX-X to break down high-resolution input
images into sequences of low-resolution image patches. For LLaVA-
ESDmodels, we maintain the original resolution of 336×336, which
aligns with the setting of its visual encoder CLIP-ViT-Large [44].

Furthermore, we utilize 10%, 50%, and 100% of the CoPESD dataset
in the overall fine-tuning to study the impact of training data on the
performance of MLLMs in terms of ESD surgical decision-making.

4.2 Evaluation Metrics
To thoroughly assess the performance of MLLMs on the CoPESD,
we adopt three evaluation aspects: (1) Overall Response Quality
Evaluation: We utilize GPT-4 to score the quality and accuracy
of the responses generated by the fine-tuned models on a scale
of 0-100 regarding surgical motions. (2) Grounding Evaluation:
We assess the models’ localization ability after fine-tuning on the
CoPESD dataset. The mean Intersection over Union (mIoU) metric
is employed to compare the ground-truth bounding boxes with
the predicted ones. (3) Motion type and direction accuracy: We
extract key items related tomotion and direction from the generated
responses. The evaluation metrics for this setting involve Accuracy
and F-score, providing a comprehensive measure of performance.

4.3 Performance Evaluation
4.3.1 Quantitative Results. We present the quantitative perfor-
mance comparisons between different MLLMs of various sizes in
Table 1. Utilizing our CoPESD dataset, the MLLMs exhibit substan-
tial capabilities for surgical motion reasoning across various model
sizes and image resolution settings. When using the full dataset,
SPHINX-ESD and LLaVA-ESD achieve the highest GPT scores of
83.98 and 85.63, respectively, demonstrating that the MLLMs can
generate high-quality and accurate responses regarding surgical
motions. These results suggest the effectiveness of the proposed
dataset in adapting MLLMs for surgical decision-making. Further-
more, the models show significant grounding abilities, accurately lo-
calizing the positions of surgical instruments. With the full dataset,
SPHINX-ESD and LLaVA-ESD achieve mIoU of 70.48 and 60.23,
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Table 3: Quantitative comparison between different MLLM models for top-ten navigating motion primitives.

Model Image Resolution Model GPT Score mIoU (%)
10%shot 50%shot 100%shot 10%shot 50%shot 100%shot

LLaVA-ESD 3362 LLaMA2-7B 86.47 88.24 89.11 31.05 60.13 63.06
3362 LLaMA2-13B 86.72 88.39 89.92 49.53 62.19 62.12

SPHINX-ESD

5122 LLaMA2-7B 87.43 89.56 90.79 70.66 70.91 71.39
5122 LLaMA2-13B 87.22 89.68 91.94 69.41 70.29 71.59
10242 LLaMA2-7B 87.31 89.85 91.49 68.74 70.15 71.01
10242 LLaMA2-13B 88.70 90.58 92.17 71.70 71.25 72.19

respectively. These results highlight the enhanced surgical instru-
ment localization and decision-making abilities of these models
by training on the CoPESD. We notice that SPHINX-ESD outper-
forms LLaVA-ESD counterparts with the same LLM backbones.
This is attributed to its higher input image resolution and the more
comprehensive knowledge gained through previous training.

To further assess the surgical motions generated by MLLMs, we
conduct a quantitative comparison focusing on motion and direc-
tion keywords. The experimental results are presented in Table 2.
Fine-tuned on the full dataset, the MLLMs exhibit a robust capa-
bility in predicting surgical motions and orientations. Notably, the
SPHINX-ESD model demonstrates significant improvements in ac-
curacy and F-score for both key items with the increase in image
resolution from 512 × 512 to 1024 × 1024. This suggests that higher
image resolution enhances the model’s ability to capture intricate
details of surgical scenes. Additionally, utilizing a larger language
model backbone generally enhanced the performance across the
metrics. Furthermore, we demonstrate the capabilities of MLLMs
to function as an ESD co-pilot, generating intelligent surgical robot
motions, as shown in Figure 4.

4.3.2 Ablation Study. We analyze the impact of image resolution
on the models’ performance. As shown in Table 1, increasing the
input image resolution improves both the quality of generated
responses and grounding accuracy. Higher resolution allows the
models to capture more details in the input images, which is cru-
cial for generating precise surgical motions. Additionally, higher
resolutions align more closely with our collected video frames, pre-
serving fine-grained information from the visual features. Besides,
we explore the effects of varying amounts of sampled data for fine-
tuning. Utilizing only 10% of the dataset still produces high-quality
responses, comparable to those obtained with the full dataset. This
demonstrates the robustness of our CoPESD dataset, as even a small
subset effectively enhances the MLLMs’ capability to understand
and generate detailed surgical motions.

We further explore the impact of data distribution on model
performance and specifically evaluate the accuracy of the top-ten
navigating motion primitives (they account for 88.32% of the dis-
tribution), and the results are shown in Table 3. We find that the
accuracy of these extensively represented primitives is significantly
higher than the average accuracy of all primitives in Table 1. This
demonstrates that the MLLMs trained by CoPESD can indeed un-
derstand most cases well. Moreover, the accuracy of highly dis-
tributed surgical cases increases with the amount of training data,
demonstrating that expanding the data volume can further improve
accuracy. However, the excellent performance of MLLM on highly

SPHINX-ESD

Employ the Forceps [0.09,
0.41, 0.41, 0.77] to lift the

mucosa flap to the upper left
while leaving the Knife [0.41,

0.44, 0.84, 0.77] inactive.

Utilize the Forceps to pull
the mucosa flap in the

opposite direction.

HUMAN LLaVA-ESD

Pull the mucosa flap to the
upper left using the

Forceps [0.11, 0.33, 0.42,
0.77] while the Knife [0.48,

0.29, 0.82, 0.77] continues to
remain idle.

SPHINX-ESD

Engage the Forceps [0.12,
0.15, 0.43, 0.77] to apply

continuous countertraction
on the mucosal flap while
operating the Knife [0.54,

0.32, 0.81, 0.77] to dissect
the mucosa flap to the right.

Utilize the Knife to dissect
the mucosa flap.

HUMAN LLaVA-ESD

Employ the Forceps [0.11,
0.22, 0.42, 0.77] to

consistently lift the mucosal
flap and utilize the

Knife [0.51, 0.25, 0.83, 0.77]
to dissect the mucosa flap to

the upper right.

Figure 4: Demonstrations of surgical robot motion outputs
from MLLMs after fine-tuning on the CoPESD dataset.

distributed primitives also reflects poor performance on other less
distributed primitives. In the submucosal dissection task of ESD
surgery, the occlusion of the operating environment leads to a high
degree of similarity in dominant features, including the similarity
of the target mucosal flap, surgical instruments, and surroundings.
As a result, the MLLM is more likely to misinterpret less distributed
primitives as other more distributed primitives.

5 Conclusion
In this work, we introduce CoPESD, a comprehensive multi-level
surgical motion dataset tailored for Endoscopic Submucosal Dissec-
tion. CoPESD encompasses a detailed hierarchical decomposition
of ESD motions, facilitating advanced surgical motion reasoning.
Through rigorous quantitative analyses on MLLMs, we demon-
strate superior performance in predicting surgical motions provided
by CoPESD, which makes MLLMs the ESD co-pilot. By making
CoPESD publicly accessible, we aim to promote further research
and development in the field of ESD motion decision-making and
surgical automation, thereby advancing the integration of AI in
surgical practices. In the future, our endeavors will focus on the
integration of continuous multi-frame and temporal information.
Furthermore, CoPESD lays a foundation for the future develop-
ment of reasoning-driven surgical Visual-Language-Action models,
enabling AI co-pilot systems to perform context-aware tasks in
complex surgical environments. In addition, we will incorporate
multi-center human data and real-world evaluations to enhance
model robustness and generalizability.
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