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Abstract— Robotic  surgical systems have attracted
widespread attention due to their accuracy and efficiency
during operations. Recent studies have shown that the
development of Vision-Language-Action (VLA) models offers
greater potential to enable autonomous task completion in
complex environments. However, the application of VLA
models in surgical robotics is often limited by insufficient data
on surgical environments and robot kinematics. As a result,
models trained with limited data often lack a comprehensive
understanding of the surgical scene and the robot’s behavior.
In this paper, we propose NeuroVLA, a VLA model designed
for the debulking task in neurosurgical robotic scenarios.
We collected a dataset using a flexible parallel continuum
robot in phantom-based debulking experiments. We formulate
skill objectives in the debulking task as skill instructions in
NeuroVLA. We develop a Vision-Language-Model-backboned
scenario understanding within NeuroVLA to help the robot
understand both the surgical debulking scenario and the robot
itself through skill-based instruction. After training on 90
debulking episodes, NeuroVLA can infer corresponding actions
from image observations, language instructions, and robot
states for the four sequential skills of the debulking task. We
evaluate NeuroVLA on the four skills defined in the debulking
task: align, grasp, transfer, and release. Qur approach reduces
pixel distance error by at least 55 % and achieves mean pixel
distances of 29.10 and 21.55 pixels in align and transfer skills,
respectively. The success rates for grasp and release skills are
88.89 % and 100 %, respectively.

I. INTRODUCTION

Neurosurgery encompasses a wide range of procedures,
many of which are severe and technically challenging to treat
[1]. The use of surgical robots can enhance the precision and
efficiency of neurosurgical procedures [2]. Price et al. devel-
oped a teleoperated neurosurgical robot with two working
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channels and one camera channel, and validated the system
across multiple neurosurgical procedures [3]. Despite these
achievements, achieving high levels of autonomy in robotic
neurosurgery remains challenging due to the complexities of
dynamic, deformable surgical environments [4].

A critical obstacle in achieving higher levels of auton-
omy lies in the robot’s ability to interpret and interact
with unstructured and deformable tissues [5]. Traditional
model-based control methods often struggle to adapt to such
uncertainties, leading to suboptimal performance in real-
world scenarios. For instance, kinematic and dynamic models
fail to accurately account for soft-tissue deformation and
tool—tissue interaction forces, resulting in failed procedures
or incomplete tasks [6].

The recent advances of Vision-Language Models (VLMs)
and Vision-Language-Action (VLA) Models offer a promis-
ing pathway toward more adaptive and generalizable robotic
control [7]. These models leverage large-scale pre-training
on diverse multimodal data (images, text, and actions) to
acquire rich representations of scenes and tasks. In surgical
contexts, VLMs have shown potential in interpreting anatom-
ical structures, instrument states, and surgical instructions,
thereby facilitating higher-level decision-making [8].

Despite these advances, training VLA models for surgical
robots faces unique challenges. Foundation models are typ-
ically trained on publicly available video or image datasets,
which, although diverse and extensive, generally lack knowl-
edge specific to surgical robotic operations [9]. Collecting
surgical datasets is expensive and time-consuming. Gathering
demonstration data for surgical robots typically requires
highly proficient operators. Controlled environments and
carefully designed experimental setups are necessary to col-
lect data from surgical robots. Privacy concerns further limit
access to real surgical recordings [10].

Kim et al. collected 16,000 trajectories from 34 gallblad-
ders using a human-operated dVRK system and trained the
Hierarchical Surgical Robot Transformer (SRT-H) on this
dataset [11]. SRT-H achieved a 100 % success rate in eight ex
vivo cholecystectomy procedures. However, the robot used
by SRT-H was equipped with two wrist cameras in addition
to the main endoscopic camera, providing extra views not
available in conventional laparoscopic configurations. This
setup is not compatible with standard laparoscopic sys-
tems, limiting the approach’s transferability to other surgical
robots. Long et al. achieved sim-to-real transfer for surgical
task automation by applying reinforcement learning in a
surgical simulator [11]. They employed a four-module frame-
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Fig. 1.
neurosurgical robot to perform skills in the debulking task.

work for visual parsing, perception, reinforcement learning,
and visual servoing. The visual parsing module produces
segmentation and depth estimation based on a vision foun-
dation model. The capability for autonomous laparoscopic
task execution was validated in both in—vivo and ex—vivo
experiments. Although coordination among modules enables
zero-shot transfer, inter-module communication increases the
system’s internal computational cost. In addition, the control
performance of position-based visual servoing in dynamic
scenarios remains to be investigated.

On the other hand, these methods have been demonstrated
on tasks executed by multi-arm surgical robots in regions
such as the gastrointestinal tract. However, to minimize in-
vasiveness in neurosurgery, robots are commonly introduced
via a single-port endoscopic approach. Compared with multi-
port robotic procedures, the single-port approach reduces
surgical injury but constrains the spatial deployment of sur-
gical instruments and the camera [12]. The spacing between
instrument channels and the camera channel typically does
not exceed 5 mm, and the endoscope diameter is generally no
greater than 10 mm [13]. This confined geometry results in
fewer visual features in the camera field of view and makes
it less intuitive to observe the manipulator’s motion through
the camera [14]. Therefore, research on automation in the
field of neurosurgical robotics remains limited.

To address these challenges, we propose NeuroVLA, a first
VLA model designed for the debulking task in neurosurgical
procedures. Debulking refers to the removal of fibrous tumor

The proposed NeuroVLA system framework. NeuroVLA takes instruction, vision, action, and robot state as model input and guides an endoscopic

tissue in neurosurgery. Typically, forceps grasp the tumor
tissue and an aspiration tube removes it from the body. In
this study, cotton pieces are used to simulate fibrous tumors,
and a brain phantom serves as the experimental testbed. Fig.
1 illustrates the overall workflow of the proposed VLA and
robotic system. Surgical and robotic instructions provide the
model with the task specification and an understanding of the
robotic system. The model achieves history-informed scene
understanding from visual input and action-state information.
We define four sequential skills for the debulking task and
formulate skill objectives that are integrated into model infer-
ence. During each skill, to improve the understanding of the
scenario in the debulking skills, the relevant representation
texts of the skill - as an instruction are used to guide the
model’s action predictions. We employ a surgical robot based
on a parallel continuum mechanism [15] with two working
channels and one camera channel. In this study, we use a
forceps tool in one working channel to collect 90 debulking
episodes on a brain phantom. Across nine validation exper-
iment groups, NeuroVLA achieves mean distances of 29.10
and 21.55 pixels for the align and transfer skills, respectively,
and success rates of 88.89% and 100% for the grasp and
release skills, respectively. The core contributions of this
work include the following:

« An end-to-end scenario-aware VLA model that controls
a parallel continuum surgical robot to perform debulking
skills in robotic neurosurgery. A scenario understanding
context as instruction provides scenario-aware represen-
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tations that guide the model’s action outputs.

« A VLA dataset collected for debulking tasks on a brain
phantom. The dataset is suitable for training and evalu-
ating models for debulking and similar continuum-robot
tasks

o Quantitative Experiments demonstrate that NeuroVLA
achieves mean pixel distances of 29.10 and 21.55 pixels
in align and transfer skills, respectively. The success
rates for grasp and release skills are 88.89 % and 100
%, respectively.

II. RELATED WORKS

Autonomous control of surgical robot. Autonomous
control of surgical robots has progressed rapidly, advancing
from basic task automation to performing complete surgical
steps with minimal human input [16], [17], [18]. A land-
mark study by Shademan et al. demonstrated supervised
autonomy for soft tissue surgery to perform automated
suturing, achieving outcomes superior to expert surgeons in
preclinical trials [19]. Zhong et al. presented an integrated
planning and control framework by exploring the geometrical
characteristics of surgical robots and validated task-level
consistency and reliability in surgical automation [20]. Shin
et al. implemented a vision-guided, learning-based model
predictive controller on a surgical robot for autonomous
soft-tissue manipulation, foreshadowing a paradigm in which
the surgeon mainly provides high-level decisions [21].

Vision-language-action Model. Recent years have seen
rapid progress in applying end-to-end VLA models for
embodied control. Google DeepMind’s RT-2 [22] pioneered
the paradigm of pretraining vision—language models for
perception and understanding, followed by fine-tuning for
robot control. OpenVLA [7] demonstrated strong perfor-
mance with a relatively compact 7B backbone by cou-
pling DINOvV2/SigLIP visual encoders with LLAMA-2, and
demonstrated that parameter-efficient fine-tuning enables fast
task adaptation with lower computation resources. More
recently, models such as my [23] and GO [24] have intro-
duced new training and architectural strategies to further
boost VLA capability. mp combines a SigL.IP image encoder
and a Gemma backbone and employs a diffusion-based
flow matching mechanism so an action expert can output
high-frequency action flows for dexterous manipulation. GO
presents comprehensive manipulation and navigation exper-
iments with a dual-system design: a three-stage GO-VLA
for instruction following and action execution, and a GO-
VLM (finetuned from Qwen2.5-VL on Galaxea) that parses
natural-language goals and scene context to propose subtask
instructions. Despite impressive results of VLA models in
household and industrial settings, these systems tend to
underperform on endoscopic surgical robots due to limited
exposure to surgical scenes and robot-specific control pri-
ors. Translating VLA to clinical workflows requires models
that can parse anatomy, instruments, and safety constraints
while issuing precise, low-latency actions. RoboNurse-VLA
features language-conditioned, vision-guided assistance, lo-
cating and handing the correct instrument, and respecting

Fig. 2. Neurosurgical robot setup for the debulking task. (a) Lateral view
of the experimental setup: the robot workspace has a vertical extent of
approximately 38 mm. (b) Top view of the experimental setup: the robot
workspace covers a horizontal area of approximately 28 mm x 32 mm. (c)
The schematic of the robot end-effector. The forceps has two bending DoFs,
one translation DoF, and one clamp DoF.

sterile zones and no-fly regions [25]. EndoVLA focuses
on autonomous, prompt-conditioned autonomous tracking
in endoscopy [26]. VLA models in medical applications
suggest the tight coupling between scene understanding and
actuation, focusing on scenario-aware learning skills.

III. NEUROSURGICAL ROBOT SYSTEM

To accomplish the debulking task, we developed a neu-
rosurgical robotic system based on the flexible parallel con-
tinuum robotic mechanism and equipped with a micro-RGB
camera. The system provides two operational channels ca-
pable of accommodating instruments such as forceps and
scissors. Fig. 2 illustrates the debulking experiment phantom
and the schematic of the forceps end-effector. The debulking
task is executed using four degrees-of-freedom (DoF) of a
single forceps arm (pitch, yaw, translation, and clamp) as
depicted in Fig. 2 (c). The end-effector is remotely connected
to and actuated by servo motors (Maxon RE13 395114). The
integrated camera captures images at up to 30 frames per
second (FPS) with a resolution of 400 x 400 pixels and
communicates with the control host via USB. All motors are
controlled by a motion controller (Galil DMC 4183, Galil),
which provides encoder values for motion state recording.
Teleoperation and data collection were performed using a
joystick.

To simulate the debulking task, we use the ventricle region
of a brain phantom as the surgical area and represent fibrous
tumor tissue with cotton pieces. The spatial dimensions of
this setup are shown in Fig. 2 (a) and (b). The horizontal
workspace of the robot in an area measures 32 mm in
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length and 28 mm in width. The maximum vertical distance
between the phantom area and the initial forceps position is
38 mm. Cotton pieces are placed in one of three possible
regions: left, center, or right. A transparent plastic film with
an opening serves as the entry for the robot. In the actual
debulking experiment, tumor tissue is placed adjacent to the
aspiration tube. A red plate was used to represent the target
location; successful placement of a cotton piece onto the red
plate validates the robot’s ability to transfer the object to
a prescribed location and to enable the aspiration tube to
perform suction.

We collected motor motion data and image data at 20
Hz, together with initial textual prompts, to construct the
AutoDebulk dataset. The AutoDebulk dataset comprises a
total of 90 debulking episodes across three phantom regions,
the original data duration exceeds 6 hours. After data refine-
ment (removal of empty motion data), the refined dataset
contains 290,000 image-motion pairs. In each episode, the
robot started from the initial position, reached the target to
perform a grasping action, transferred the cotton piece to
the target place, released the forceps, and returned to the
initial position. Action—vision pairs were temporally aligned
during collection using thread synchronization, ensuring a
strict interval of 50 ms. To accomplish the debulking task,
the operator observes the position of the robot and the
cotton piece via the endoscopic camera image displayed on
the computer screen. During the episode recording, camera
images are stored locally in real time with timestamps. While
the image-saving thread is running, the computer reads the
real-time motor encoder values from the motor control board
and stores them in temporary memory. After each episode
ends, the operational data in memory is then temporally
aligned with the image data and exported as the RLDS
dataset [27].

IV. METHOD
A. Problem Formation

We consider sequential visuomotor control for neurosur-
gical debulking as conditional sequence prediction. Each
episode is represented as

E= {(Ol7staat717yt)}tT:17

where o, € RF*W>3 i the RGB observation, s; € R* is the
robot state, a, € R* is the action, I = (Lsurg Irobo) denotes the
surgical and robotic instructions, and y; is the discretized
action-text sequence. When a phase is completed, the target
sequence terminates with the literal token Finished.

For notation simplicity, we denote

St:[PtJtﬂ’thL at:[ApthytaArtaAct]a

corresponding to pitch, yaw, translation, and clamp, respec-
tively.

An episode starts with an surgical language instruction
Lsurg, an robotic language instruction /5., and an initial
image observation o,. The surgical language instruction
describes the experiment scenario and the goals of the
debulking task. The robotic language instruction describes
the robot configuration and the type of end-effector in the
robot arm. Combined with the initial image observation
from the camera, the agent is capable of relating the image
observation and the surgical robotic task, thus enhancing the
task accomplishment.

B. Assumptions

a) First-order integrator: We assume a simple additive
transition in state space:

St+1 = 8¢ +ay,

which is reasonable for the low-level, small-step joint deltas
with high-accuracy servo motors.

b) Short-horizon temporal grounding: Two past frames
and explicit numeric history (S;_2;—1,4;-2,—1) suffice to
resolve local temporal ambiguities during fine dexterous
motions.

c) Scenario-aware skill decomposition: The debulking
task is decomposed into four skill phases (Align, Grasp,
Transfer, Release); a scenario understanding instruction
context conditions the action decoder, enabling skill-specific
patterns.

C. NeuroVLA Policy and Inference

Let fp be a multimodal VLA model with image, text, state,
and action embeddings. At step ¢, the model consumes

Xt = (Encimg(ot—Z:t)a Enctext(l)a Encnum(St—Z:t—laAt—Z:t—l))-

The scenario understanding stage receives the current skill
token and produces a short scene description [. After
scenario understanding, the NeuroVLA fg conditioned on
(Xi,1;), autoregressively generated a token sequence §; rep-
resenting 4, (discretized) and may emit Finished to ter-
minate:

= argm;ifog Ve | Ye<is Xislr) -
i
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We then de-tokenize J, to obtain 4, € R* (0.1-resolution).
The decoder both acts and decides when to stop by emitting
Finished.

We operationalize each phase with explicit inputs, objec-
tives, and termination rules to the next skill. Let p, € R? be
the image-plane pixel of the forceps tip detected at time ¢
[28], g; be the visual proxy of the forceps opening state,
and ¢, € R? be the centroid of the cotton piece mask. Let
Rplate C R? denote the rectangular region (red plate) and
define the point-to-rectangle distance as:

07 p: € Rplatea

mingeog . [P —rl2,  otherwise.

diSt(Pz ’ Rplate) = {

The scenario understanding stage is implemented as a
deterministic phase-to-text mapping. Given the current phase
token k; € {Align,Grasp,Transfer,Release}, a short
phase-specific text description /; is generated from a fixed
template library. This text is concatenated with the instruction
context and used to condition the policy decoder.

« Align (tip-to-target approach and alignment). Inputs:
oy, sy, forceps tip pixel py, cotton piece centroid c;.
Objective: Align the forceps tip with the cotton piece
with contact.

Progress signal: pixel distance

.
PD? = P —¢ll2-

Termination (Both):
1) Proximity: PD;lllgn < Elign-
2) Contact cue: an action following the tip’s approach
causes centroid changes ||¢; —¢;—1[|2 > Emove-

Guards: keep w; unchanged, bound action displacement
||Aat||2 < Ofmax-

Hysteresis: require the termination condition to hold for
Kaiign consecutive frames to avoid flicker.

o Grasp (pose hold and full closure of the forceps).
Inputs: o, sy, forceps tip pixel p;, cotton piece centroid
¢;, forceps visual proxy g;.

Objective: maintain the aligned pose and fully close the
forceps.
Termination (both):

1) Pose hold: PDflllgn < &hold-

2) Full closure: g; < €gyp.
Guards: limit Az, (avoid pushing the target off-plane
during closure).
Hysteresis: enforce closure for Kypsp frames to confirm
a secure grasp.

o Transfer (retrieve and place over the red plate).
Inputs: o, s;, forceps tip pixel p;, plate region Rpjae.
Objective: carry the grasped cotton piece to the plate
area at a near-initial height.

Progress signals:

PDf]ate = diSt(pt7Rp1ate)> h;:=z (proxy for height).

Termination (both):

1) Planar proximity: PD?lalte < Eplate-

2) Height window: ||hy — hetl|2 < -

« Release (pose hold and full opening over the plate).
Inputs: oy, sy, forceps tip pixel p;, cotton piece centroid
¢;, plate region Rpjye, forceps visual proxy g;.
Objective: release the cotton piece above the plate.
Termination (any of):

1) Full opening: g; > €pen While p; is over Rpjae.
2) Successful drop: the cotton piece lands with ¢
within Rpate.
Guards: maintain tip pose (PD? late < €hold) during open-
ing; bound Aw; to prevent overshoot.
Hysteresis: validate landing over K. frames to avoid
misclassifications.

Phase transitions and supervision. During training, the fi-
nal frame satisfying each phase’s termination condition is la-
beled with the Finished token for that phase. At inference
time, the decoder emits Finished to advance to the next
phase. Thresholds (€uign, Emove Enold; Egap» Eopen  Eplates Or) are
tuned on validation data and kept fixed during testing. This
formulation ensures each skill has textual objectives, explicit
success criteria, and runtime termination logic.

D. Training Objective

We train the model with standard autoregressive super-
vised fine-tuning over the discretized action-text sequence.
Let y; = {y11,...,y1n,} denote the ground-truth token se-
quence representing the action at time step 7. Conditioned
on the multimodal context (O;_2,S;—2:—1,A;—24-1,1), the
objective is

N

L =— Zlogpe (yz,i | Vt,<is O1—2:4,81—2:1—1,A1—2:1—1 71) .

i=1

When the demonstrated action corresponds to phase
completion, the target sequence includes the literal token
Finished, so completion behavior is optimized under the
same autoregressive objective.

V. EXPERIMENT
A. Experiment Setup

We randomly placed each cotton piece in one of three
regions within the brain phantom to evaluate NeuroVLA.
Aligned with the skill objectives, the debulking task is
divided into four phases: (1) Align: the instrument tip ap-
proaches the cotton piece from the initial position until clear
contact is made; (2) Grasp: after the forceps tip contacts the
cotton piece, the forceps is fully closed to grasp the cotton
piece; (3) Transfer: after grasping, the robot retrieves and
moves the cotton piece above the red platform; (4) Release:
once the cotton piece is above the red platform, the forceps
is opened to release it.

B. Training and Inference Implementation

The NeuroVLA model was finetuned based on the En-
doVLA model [26]. Training was performed on a multi-GPU
type consisting of one NVIDIA RTX A6000 (48 GB) and
three NVIDIA RTX 3090 (24 GB) GPUs. The learning rate
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was set to 0.0001 and optimized using a cosine learning
rate scheduler with a warmup ratio of 0.1. Training lasted
approximately 20 hours with a batch size of 4. Inference was
performed on a single NVIDIA RTX 3090 (24 GB) GPU.

C. Experiment Results

A total of nine experiments were conducted across three
phantom regions (left, middle, right), with three trials per
region. In each experiment, the robot executed four skills:
Align, Grasp, Transfer, and Release. Fig. 4 shows endoscopic
images of experiments conducted in three different areas.
The first row of the images shows experiments conducted
in the left region of the phantom, the second row shows
experiments in the central region, and the third row shows
experiments in the right region. The Align column shows the
moment when the forceps was aligned with the cotton piece
after approaching from the initial state, and ready to close
the forceps. The Grasp column shows the moment when the
model indicated that the forceps was closed and was ready
to transfer. The Transfer column shows the moment when
the robot transferred the cotton piece above the red plate
after retrieving from the grasping position and was ready to
release. The Release column shows the moment when the
model indicated that the forceps was fully opened.

We selected the advanced robotic VLA model Octo-1.5b
[29] and the multimodal model QwenVL2.5-7b [30] and ran
the same number of experiments under identical conditions.
As shown in Table I, to quantitatively evaluate the perfor-
mance of different models on the four skills, we propose two
distinct evaluation metrics. For the align and transfer skills,
we define the pixel distance (PD) as explained in Section. I'V.
In the align skill, the target location is the center of the cotton

TABLE I
QUANTITATIVE EXPERIMENT RESULTS COMPARISON WITH BASELINE
MODELS.
Model ‘ Skill Performance
Align Grasp Transfer Release
PD| SR PD | SR 1
(px) (%) (px) (%)
Baseline Models
Octo 79.72  33.30 65.46 66.67
Qwen2.5-VL | 44.61 55.56 49.45 66.67
Ours ‘ 29.10 88.89 21.55 100.00

piece. To accurately determine the center of the cotton piece,
we use the SAM2 model [31] on post-experiment images to
obtain the ground truth mask of the cotton piece, and then
calculate the centroid of the mask as the target position. In
the transfer skill, the target location is the red platform area;
thus, we define the PD for this skill as the minimum distance
between the center of the forceps tip and the rectangular
region representing the red platform.

For the grasp and release skills, we use the success rate
(SR) of closing/opening of the forceps as the evaluation
metric. Note that, unlike normal grippers mounted at the end
of general robotic arms, the kinematics of the forceps of a
parallel continuum robot is affected by the bending of the
instrument tip, and does not provide contact force feedback
(or requires additional sensors to do so). Therefore, the state
cannot be simply defined as binary (0 or 1). To achieve more
precise control of the forceps, we use the opening and closing
state of the forceps in the images to drive the forceps control.
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This makes the closing and opening of the forceps a task of
controlling a linear joint movement. For the grasp skill, we
define a successful grasp as successfully grasping the cotton
piece and not dropping during subsequent movements. For
the Release skill, we define a successful release as the forceps
being fully opened or the cotton piece dropping as a result
of opening the forceps.

As shown in Table I, NeuroVLA demonstrates significant
improvements in both the align and transfer skills, achieving
pixel distances of 29.10 and 21.55 pixels for the Align and
Transfer skills, respectively. For the grasp and release skills,
NeuroVLA also attains higher success rates (SR) compared
to other models. Although grasp and release are relatively
simple one DoF skills, Qwen2.5-VL and Octo display poorer
scene understanding and task completion. In particular, these
baseline models often judge the grasp as complete before the
forceps are fully closed. In contrast, NeuroVLA better pre-
serves grasp robustness and can successfully initiate grasps
from more distal forceps starting positions.

D. Ablation Study

TABLE I
ABLATION STUDY ON SCENARIO-UNDERSTANDING CONTEXT
INSTRUCTION AND FINE-TUNING.

Model ‘ Skill Performance
Align Grasp Transfer Release
PD| SR PD | SR 1
(px) (%) (px) (%)
Ablation Variants
WO scenario 6622 5556 5981  55.56
understanding context
W/O fine-tuning ‘ 84.62 11.11 79.45 22.22
Ours ‘ 29.10 88.89 21.55 100.00

The scenario understanding context interprets the surgical
scenario as skill-based instructions and guides the action
generation. To validate its effectiveness, we compared three
variants: the full NeuroVLA, NeuroVLA without the sce-
nario understanding context instruction, and NeuroVLA with
the scenario understanding context instruction but without
AutoDebulk dataset fine-tuning, on execution of the four
skills. As shown in Table II, the NeuroVLA model main-
tained the best performance, indicating that exclusion of the
scenario understanding context reduces the model’s ability
to recognize surgical objects and spatial relations required
for accurate control. The unfinetuned variant also produced
lower success rates for grasp and release compared with the
fully finetuned model. Notably, even when equipped with the
scenario understanding context, the model lacking AutoDe-
bulk finetuning underperformed the finetuned variant without
the scenario underderstanding across all skills, suggesting
that domain-specific, robot-task data are critical for correct
decision-making in surgical control.

VI. CONCLUSION

This work collected unique data from debulking oper-
ations performed on a brain phantom and used this data
to train a VLA model capable of sequentially completing
the four skills required for the debulking task. Experiments
conducted in the phantom demonstrated that the proposed
NeuroVLA model with the scenario understanding context
exhibits superior understanding of surgical scenes and can
sequentially guide robotic skills. On this basis, we plan to
incorporate additional scene and robot labels to further en-
hance the robot’s ability to accomplish tasks in more realistic
and dynamic environments. Furthermore, by acquiring more
bimanual operation data, we aim to leverage the capabilities
of dual-arm robots to accomplish a wider range of surgical
tasks.
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