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AutoRing: Imitation Learning-based Autonomous Intraocular Foreign Body
Removal Manipulation with Eye Surgical Robot
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Abstract— Intraocular foreign body removal demands
millimeter-level precision in confined intraocular spaces, yet
existing robotic systems predominantly rely on manual teleop-
eration with steep learning curves. To address the challenges of
autonomous manipulation—particularly kinematic uncertain-
ties from variable motion scaling and Remote Center of Motion
(RCM) point variation—we propose AutoRing, an imitation
learning framework for autonomous intraocular foreign body
ring manipulation. Our approach integrates RCM dynamic
calibration to resolve coordinate system inconsistencies caused
by intraocular instrument variation and introduces the RCM-
ACT architecture, which combines action chunking transform-
ers with real-time kinematic realignment. Trained solely on
stereo visual data and instrument kinematics from expert
demonstrations in a biomimetic eye model, AutoRing success-
fully completes ring grasping and positioning tasks without
explicit depth sensing. Experimental validation demonstrates
the successful implementation of end-to-end autonomy under
uncalibrated microscopy conditions. The results provide a
viable framework for developing intelligent eye surgical systems
capable of complex intraocular procedures.

I. INTRODUCTION

Intraocular foreign body removal requires submillimeter
precision to safely remove fragments near delicate retinal
tissues while minimizing iatrogenic damage [1]-[4]. Robotic
assistance has shown great promise in enhanced control and
stability to reduce physiological tremors [5]-[7]. However,
current systems still rely on manual teleoperation, which in-
troduces steep learning curves and operational inefficiencies.
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While automated removal offers the potential for consistent
high-precision execution, key challenges include accurately
identifying optimal grasping points (pose determination for
action initiation) and continuously evaluating fragment adhe-
sion states in real time (action status assessment and adaptive
path planning), which have so far impeded the deployment
of automated solutions.

Recent advances in large-scale imitation learning have
significantly progressed the automating robotic manipulation
tasks [8]-[11]. For instance, imitation learning was used
for two Franka robots employed in the peg transfer task in
the fundamentals of laparoscopic surgery [12] and has also
been applied to path planning in orthopedic surgeries [13].
However, the application of imitation learning in micro-
scale eye robotic systems has not been widely studied [14]-
[16]. Such systems are typically equipped with micromanip-
ulators and advanced intraocular imaging capabilities [17],
generating rich multimodal datasets during procedures. These
datasets include stereomicroscopic video streams and instru-
ment kinematics. Leveraging this data enables the training
of autonomous control policies for eye microsurgical tasks.
In this paper, we explore intraocular foreign body removal
operation, the complex yet representative task, to assess the
potential of imitation learning in ophthalmic procedures.

However, applying imitation learning to eye surgical robot
introduces two distinct technical challenges not commonly
encountered in other robotic applications: 1) Variable Motion
Scaling. Intraocular foreign body removal systems allows
surgeons to adjust the control-to-motion ratio to transition
between gross movements and fine manipulations. This
variability introduces kinematic uncertainty, as the same
control input may result in different instrument motions
depending on the scaling factor. Consequently, imitation
learning policies trained on raw control inputs without ac-
counting for these scaling variations may fail to generalize
effectively during actual surgical procedures. 2) Remote
Center of Motion Variation. In ophthalmic robotic surgery,
instruments are introduced into the eye through a fixed entry
point in the sclera, known as the Remote Center of Motion
(RCM). Maintaining precise instrument motion around this
pivot is crucial to prevent tissue damage. However, slight
positional deviations or variations in the RCM point can
disrupt the spatial coordinate system, leading to inaccuracies
in instrument positioning. Unlike traditional robotic systems,
recalibration is complex due to anatomical constraints.

In this work, we propose AutoRing, an imitation learning
framework for autonomous intraocular foreign body removal
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surgical manipulation. Our method trains control policies
through expert demonstrations of grasping and placing for-
eign body in a biomimetic eye model, utilizing solely
instrument kinematics and stereo visual data. To address
the unavoidable variability in motion scaling inherent to
microsurgical operations, we bypass kinematic ambiguity
by directly training policies on instrument actuator-level
displacements rather than raw control signals, ensuring
generalization across magnification levels while remaining
extensible to diverse microsurgical platforms. For the critical
RCM variation challenge, we devise a dynamic coordinate
alignment strategy: real-time recalibration of instrument po-
sitions against three anatomical fiducial markers converts
variation-corrupted kinematic data into a unified global co-
ordinate system via iterative rotation matrix updates. This
software-defined spatial anchoring mitigates cumulative er-
rors from RCM point deviations without requiring hardware
recalibration, preserving submillimeter positioning accuracy.
By achieving submillimeter-scale precision in instrument-
ring interactions without explicit depth sensing (0.12 mm
mean error in grasping localization), our study demonstrates
critical feasibility for automated intraocular foreign body
removal procedures under real-world kinematic uncertainties.
Our work makes three primary contributions: (i) The
first imitation learning system enabling fully autonomous
intraocular foreign body removal manipulation using eye
surgical robot, demonstrating submillimeter accuracy; (ii) A
novel RCM-based state representation resolving motion scal-
ing uncertainties in microsurgical interfaces; (iii) Successful
validation of end-to-end visuomotor policies for intraocular
manipulation under uncalibrated microscopy conditions.

II. RELATED WORK

We analyze two related advanced areas: eye surgical
robotic systems and imitation learning for surgical automa-
tion, concluding each with identified research gaps.

A. Eye Surgical Robotic Systems

Eye surgical automation has progressed through three
distinct technological phases, each addressing specific limi-
tations of prior systems. Initial first-generation platforms like
the IRISS robot achieved 0.2 mm precision through mechani-
cal Remote Center of Motion (RCM) constraints [18], yet ne-
cessitated complete human trajectory control due to lacking
intraoperative sensing. Second-generation systems overcame
this limitation by integrating micron-scale optical coherence
tomography (OCT), exemplified by Ebrahimi et al. [19]
whose vision-force fusion algorithm enhanced instrument
localization accuracy by 37% without preoperative calibra-
tion. Current third-generation solutions demonstrate partial
autonomy across three technical dimensions: (1) tissue in-
teraction control via spectral OCT-guided robot reducing
retinal tears by 41% through real-time elastography (10
mN tension detection) [20], (2) workflow optimization with
systems like Preceyes Surgical System (PSS) cutting op-
erative time by 28% [21], and (3) instrument guidance
through Zhou et al. [22] hybrid robot achieving 12 um

needle placement accuracy via software RCM control, com-
plemented by their 98.7% accurate deep learning-based
needle detection [23]. However, these advancements remain
fragmented—no system integrates all three dimensions si-
multaneously, existing autonomy operates in isolated sur-
gical phases, and clinical validation is confined to porcine
models. This fragmentation motivates our investigation into
cross-modality integration to establish the first end-to-end
automation framework for human clinical applications.

B. Imitation Learning in Robotics

Imitation learning has been widely explored in robotic ma-
nipulation tasks, enabling robot to learn from expert demon-
strations by replicating human actions. A common method in
early research was behavioral cloning, which predicts actions
directly from observations. As deep learning and generative
modeling advanced, new architectures like ConvNets and
Vision Transformers (ViTs) [24] were employed for im-
age processing, while recurrent networks and transformers
[25]-[27] helped incorporate temporal dependencies in the
observations. In addition, generative approaches, including
energy-based models, diffusion models, and VAEs, were
introduced to better capture complex motion patterns from
demonstrations [28]-[31]. Among these advancements, Ac-
tion Chunking with Transformers (ACT) [32] has emerged
as a landmark framework for learning complex, long-horizon
manipulation tasks from demonstrations. Diverging from
traditional behavioral cloning, which predicts a single ac-
tion at each timestep, the core idea of ACT is to predict
a sequence of future actions, or an “action chunk.” This
approach leverages the powerful self-attention mechanism of
Transformers to capture long-term temporal dependencies in
the observation data, resulting in smoother and more coherent
robot trajectories. While ACT has demonstrated remarkable
success in tabletop manipulation tasks within structured envi-
ronments, its direct application to microsurgical domains like
intraocular procedures reveals a key limitation: its reliance
on a consistent coordinate frame. The unique challenge of
a shifting Remote Center of Motion (RCM) in ophthalmic
surgery, which is not present in typical robotic setups,
compromises the precision of the standard ACT framework
and motivates the adaptations presented in this work.

Although end-to-end imitation learning theoretically holds
the potential to address the complexities of surgical tasks,
its effective application in the surgical domain remains an
open question. Recent efforts have begun to apply imitation
learning in surgical contexts [14]-[16], such as Kim et
al. [33], which introduced the Surgical Robot Transformer
(SRT) for surgical tasks using approximate kinematics data
from the da Vinci system, overcoming challenges related
to inaccurate proprioception and hysteresis. However, this
approach is not applicable in intraocular foreign body re-
moval surgery, as such procedures require precise contact
with real-world objects and accurate localization. Moreover,
challenges persist in applying imitation learning to fine-
scale surgical tasks, particularly those requiring variable-
scale manipulation.
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Fig. 1: Overview of RCM-ACT Framework: Instrument Actuation with Data Acquisition and Multimodal Training

III. METHOD
A. Task Definition

We use the classic ring grasp-and-place operation to
simulate intraocular foreign body removal [34]. A robotic
manipulator is used to manipulate a 3D eye model M, con-
sisting of two rings: a black ring Rp,cx and a larger orange
ring Rorange- The task involves automatically grasping the
black ring Rylack and placing it onto the orange ring Rorange
with high precision. At each timestep ¢, the robot receives an
observation o;, which includes camera images of the model
M, showing the positions of the rings pr,,, [t] and Pr,,..[t],
as well as the robot’s end-effector pose p; = (x4, ¢, 2¢) and
orientation ry. The robot also receives proprioception xy,
representing the current arm pose. Based on these inputs,
the robot computes an action a; to move the end-effector to
grasp the black ring Ry and place it on the orange ring
Rorange- The task is learned from demonstrations, where each
trajectory 7 = {(o1,1,a1), ..., (or,xT,ar)} consists of a
sequence of observations, proprioception, and actions. The
robot aims to minimize misalignment and collision, ensuring
precise placement of the black ring on the orange ring.

B. RCM Dynamic Calibration

In each task demonstration, during the data acquisition
process, there exists a shift in the position of the point of
insertion into the eye, causing a deviation in the position
of the Remote Center of Motion (RCM). This results in a
variation of the RCM point, meaning that the coordinate
system for each data collection is inconsistent. To address
this issue, we propose a dynamic calibration method for the
RCM. RCM dynamic calibration is only performed when
the RCM point varies or shifts. This variation typically
occurs when the instrument is restarted or upon its entry
into the eye, which can cause a shift in the point of insertion.

The calibration is completed once at the beginning of each
complete task episode, such as a full demonstration or a
single autonomous execution, rather than continuously at
every timestep.

The dynamic calibration is achieved by using the robotic
instrument to reach three fixed points p1, p2, ps within the
workspace. By obtaining the positions of these three fixed
points in the current coordinate system at each timestep,
we are able to compute the corresponding rotation matrix
R, that aligns the local coordinate system to a global one.
This rotation matrix R; allows the transformation of the
collected data from varying coordinate frames into a common
reference frame. The process of reaching the three fiducial
markers for calibration was performed under the same RCM
constraint as the surgical manipulation itself. The robot’s
motion was pivoted around the established RCM point at the
eye’s entry, ensuring that the calibration procedure accurately
reflects the kinematics of the actual task.

Mathematically, we can express this process as follows:

1) Collection of Fixed Points: At each timestep ¢, the
instrument reaches three fixed points that are not co-
planar ps(t), p2(t), p3(t). These points are defined in
the current coordinate system C;, where each point
P;(t) is represented as:

pilt) = [wi(t), (1), z:()] ",

2) Transformation Calculation: The rotation matrix R,
is computed using these three fixed points, and the
translation vector d, is computed using these three
corresponding point pairs. The goal is to align the local
coordinate system C; with a global coordinate system
Co. This can be achieved by comparing the relative
orientations of the fixed points in both coordinate

i=1,23 (1)



Algorithm 1: RCM-ACT Training with Calibration
Input : Raw demonstration dataset
D = {m1,72,...}, chunk size k, weight (
Output: Updated model parameters 6, ¢
Phase 1: Dataset Calibration
for each demonstration episode T in D do

[ S

3 Compute the single rotation matrix R, for this
episode by reaching three fixed points;
4 for each timestep t in T do
5 Realign observation o; and proprioception x;
to the global coordinate system Cj using R.;
6 end
7 end

8 Let Deanibraed be the dataset of all realigned episodes;

9 Phase 2: Model Training

Initialize encoder ¢, (z|a:¢+%,0;) and decoder
7o (Gt:t4x|0t, 2,Co)

for each training step do

—
>

-
-

12 Sample a batch of trajectories (o, at.++x) from
Dealibrated:

13 Sample z from gy (2|at.t+k,01) 3

14 Predict dy.typ from mo(dgtyrlos, 2,Co)s

15 Compute reconstruction loss:
Lreconst - MSE(&t:t—Hm at:t+k) 5

16 Compute regularization loss:
Lieg = Dx1(qs(2|av+x,0¢) | N(0,1)) 5

17 Update 6, ¢ with ADAM optimizer using loss
L = Lyeconst + BLreg 5

18 end

systems. The rotation matrix R; is found by solving:

pi(t) = Ry - pi(0) + dy,

where p;(0) is the position of the fixed point p; in the
global coordinate system Co.

3) Recalibration of the Coordinate System: After com-
puting R;, we can then apply it to all subsequent data
collected at timestep t. Specifically, for any observation
o; and proprioception z; taken at timestep ¢, we can
recalibrate the data to the global coordinate system Cg
by applying the inverse of the rotation matrix:

p =R/ (p—d), 3)

By recalibrating each new data collection point using
R;, we ensure that all data can be transformed into a
consistent coordinate system, allowing for more reliable task
learning and accurate performance evaluation across different
demonstrations.

i=1,2,3 )

C. RCM-ACT Architecture

In current imitation learning methods, tasks are typically
modeled based on the relative position of the robotic manip-
ulator, and actions are executed accordingly. The standard
ACT framework excels at imitation learning by predicting

future action chunks, but its performance presumes a stable
and consistent motion base for the robot. This assumption
is violated in the intraocular surgical environment, where a
significant challenge arises from the variation of the robot’s
motion base—the Remote Center of Motion (RCM)—due
to slight shifts in the instrument’s scleral entry point. This
RCM variation makes it difficult for an unmodified ACT
policy to maintain the submillimeter accuracy required for
the task. To address this issue, we propose the RCM-ACT
model, as illustrated in Figure 1, which tightly integrates our
RCM Dynamic Calibration module with the ACT framework.
Before the policy network predicts a future action sequence,
we first leverage the dynamic calibration to transform all
kinematic data from varying coordinate frames into a unified
global coordinate system, Cy. This software-defined spatial
anchoring effectively mitigates the kinematic uncertainty
caused by RCM point deviations, allowing the model to learn
a robust manipulation policy that is invariant to such shifts.

To train the RCM-ACT model for a new task, we be-
gin by collecting human demonstrations via rostopic for
data transmission and dataset recording. The action a; at
each timestep is defined as the target state vector for the
robot’s end-effector, represented by a; = [2,%,2,0,4]",
where [z,y,z] represents the Cartesian coordinates, 6 is
the gripper’s rotation angle, and ¢ denotes the gripper’s
opening/closing state. This target state is then translated
into low-level actuator commands by the robot’s internal
controller. Instead of mapping joystick or controller inputs
to robot actions—a mapping that is directly affected by the
scaling factor—our policy learns a direct mapping from the
current state (composed of stereo visual data and instrument
kinematics) to the desired next state (represented as instru-
ment actuator-level displacements). The input to the system
includes stereo imagery from a stereo microscope, which
provides real-time visual feedback from two camera views.
In addition to the visual data, the input also contains three
values representing the cartesian coordinates of the current
position and the rotation encoder value of the gripper. These
proprioceptive and visual observations are essential for the
task as they offer real-time sensory data about the robot’s
state and environment.

Once the data is collected, we train the RCM-ACT model
to predict future actions based on the current observations.
The predicted actions correspond to the target joint positions
for robotic arms at the next timestep. The ACT model, which
is trained to predict the next sequence of actions based on
current states, mimics how a human operator would proceed
given the current observations. These predicted target joint
positions are then used to guide the robotic arms in achieving
the desired configurations.

The RCM-ACT model combines the traditional ACT
framework with RCM dynamic calibration. The ACT model
consists of an encoder q4(z|at:¢+k, 0¢), which learns a latent
variable z conditioned on the action sequence a;.¢+j and the
observation sequence oz, where o; represents the observation
without image data. The decoder 7y (Gy.¢4x|0t, 2,Co) gener-
ates the predicted future actions a;..+ based on the current



observations o; ,the latent variable z and the global coor-
dinate system Cy. The model is trained to minimize the re-
construction 108s Lyeconst = MSE(Gy ¢4k, Gt:1-+% ), Which mea-
sures the error between the predicted and actual actions, as
well as the regularization loss, which is the Kullback-Leibler
(KL) divergence between the latent space distribution and a
standard Gaussian distribution Ly, = Dk1.(qe(2|at:t4%,0¢) ||
N (0, 1)), which ensures that the latent space is regularized
to follow a Gaussian distribution.

During the training process, the robot’s position and ori-
entation are recalibrated using RCM dynamic calibration to
ensure that the data is aligned with the global coordinate
system. This calibration step is crucial for compensating for
the potential variation in the motion base point, ensuring
that the model can execute the task reliably. Once the model
is trained, it is used to predict future actions based on the
current state and the predictions are executed by the robot
to perform the task.

The integration of RCM dynamic calibration with ACT
is vital for achieving smooth, precise, and reliable robotic
motion. By combining these two components, we ensure
that the robotic system can perform tasks effectively, even
in environments where the motion base point may vary or
change over time.

D. Inferring phase

In this section, we describe the inference process utilized
in the robot-assisted task for foreign body ring placement,
where the robotic manipulator is responsible for automati-
cally picking up a black ring and placing it inside a larger
orange ring within a scaled eye model. This process involves
acquiring data from the robot’s sensors, performing dynamic
calibration, and predicting actions that guide the robot in
completing the task.

Before the inference process begins, the robot’s position
p: = (x4, Y4, 2¢) and orientation R; are updated based on the
calibration data from the RCM sensors. This ensures that the
robot operates within a well-calibrated coordinate system,
maintaining precision during the task. The rotation matrix
R, is then used to realign the data to the global coordinate
system Cp, ensuring that all subsequent data is accurately
positioned within the global frame of reference.

Once calibration is completed, the policy inference process
begins. At each timestep ¢, the robot’s observation o; is ob-
tained, which includes both sensor data and camera images.
The trained policy 7y is used to predict the next action
G¢.t+%, Which spans k time steps. The predicted actions
are stored in a First-In, First-Out (FIFO) buffer for future
predictions. Then, the actions at each timestep are determined
by applying a weighted average over the stored actions. The
weight w; decays exponentially as time moves backward,
ensuring that more recent actions have a stronger influence
on the current decision.

During inference, the robot’s data (such as proprioception
and actions) is normalized using pre-defined statistics, ensur-
ing that the data fed into the model aligns with the expected
range for accurate predictions. After the model predicts the

Algorithm 2: RCM-ACT Inference
Input: Trained policy mg, episode length T', weight
m
Output: Actions for the robot, based on dynamic
calibration and inference
1 Episode-Start Calibration:
2 Compute the rigid body transformation, consisting of
a rotation matrix R and a translation vector d, for
the current episode;

3 Initialize FIFO buffers:
4 Initialize FIFO buffers B[0 : T, where B[t] stores
actions predicted for timestep ¢;

5 for each timestep t =1,2,...,T do

6 Obtain observation o; from the camera and
proprioception data at timestep ¢;
7 Realign the current observation o; to the global

coordinate system Cj using the pre-computed
transformation (R, t);

8 Predict action G444 using the policy

o (at-t4k|0t, 2), Where z = 0;

9 Add predicted action ;.41 to buffers BJ[t];

10 end

11 Inference:

12 Obtain current step actions A, = BJt];

13 Apply action a; =), w; A¢[i]/>, w;, with
w; = exp(—m - 1);

14 Return action to robot via rostopic:
15 Publish the computed action through the model
output rostopic;

16 Robot Execution:
17 The robot uses the received action to perform the
corresponding operation;

actions, the data is denormalized back to its original scale to
ensure that the robot’s actions correspond accurately to the
real-world environment in which it operates.

Finally, the computed action is communicated back to the
robot through a rostopic labeled “model output,” allowing
the robot to execute the task of picking up the black ring
and placing it inside the orange ring, as required. This
process integrates real-time calibration with action prediction
to ensure that the robot successfully performs the task with
precision and efficiency.

E. Experiment Setup

1) Task: The robotic system was tasked with au-
tonomously manipulating foreign body rings in a simulated
intraocular environment, requiring precise grasping of a
1.22 mm black ring (Rpjack) and threading it onto a 4.02
mm orange ring (Romnge). The task specifications included
positioning accuracy < 0.15 mm and an operation time limit
of 20 + 5 s. The eye phantom was mounted on a 7-DoF
motion platform to simulate anatomical variations during
ophthalmic surgery.



2) Data Collection: We collected 30 demonstration
episodes (112 £ 18 s each) with randomized ring positions,
generating 112 GB of training data. To facilitate the high-
precision manipulations required for the task, a motion
scaling factor of 1/30 was applied during the expert demon-
strations, mapping the operator’s hand movements from the
controller to the instrument’s motion. The data acquisition
utilized ROS-based pipelines with asynchronous recording:

e Proprioceptive data (5D end-effector state q; =
[z,y,2,0,d]" € R®) sampled at 60 Hz via rostopic

o Stereo vision streams (1920x2160@60 Hz) captured
using stereo microscope cameras

o Raw sensor data stored in HDF5 format without tem-
poral alignment

3) Training of Models: The RCM-ACT model was trained
for 2000 epochs on an NVIDIA RTX 4090 GPU using
AdamW optimizer (o = 3x 1074, 31 = 0.9, B2 = 0.95) with
cosine learning rate decay. Training configurations included:
32-sequence batches (8 timesteps each), dropout rate 0.1,
and KL-divergence regularization (5 = 0.5). Model selection
used five independent test sets (30 episodes each).

4) Deployment and Inference of Model: Figure 2 il-
lustrates the actual deployment environment and workflow
diagram. Real-time inference was deployed on a mobile
workstation (Intel Core® i9-13900HX, NVIDIA® RTX 4090
Laptop GPU) running ROS Noetic, where the trained policy
generated action sequences (z, ¥, z, 6, ¢') at 5 Hz through
the /model_output rostopic. A dual-thread architecture
achieved parallel execution: 1) Perception Thread asyn-
chronously processed stereo images (OpenCV 4.5.5) and
proprioceptive states at 30 Hz, 2) Control Thread performed
RCM dynamic calibration with a 15 Hz generation speed for
action prediction. Temporal misalignment from unsynchro-
nized training data was mitigated by a weighted action buffer
employing exponential decay:

N

ar = E mkat_k

k=0

(m=08, N =3), @)

F. Experiment Results

To quantitatively evaluate the policy’s performance, we
use the following metrics, reported in Table 1.

o« Mean Squared Error (MSE): This metric measures
the fidelity of the policy’s predicted action trajectory to
the expert’s ground-truth trajectory on a held-out test
set. It is calculated as:

1 Z
MSE = T Z”apredicled,t - aexpert,t”%a (5)

t=1
where a; is the 5D action vector [z,y,2,60,d]T at
timestep ¢, and 7" is the total number of timesteps in
the episode. The expert trajectory is used strictly for
evaluation and is not available to the policy during

inference.

o Grasp Deviation: This measures the positional accu-

racy at the critical moment of grasping the ring. It

is defined as the Euclidean distance between the 3D
position of the autonomous agent’s gripper and the
expert’s gripper at the frame of grasping:

Grasp Deviation = Hprobot, grasp — DPexpert, grasp||27 (6)

where pgrasp Tepresents the 3D coordinate vector [z, y, 2]
of the end-effector when the grasp is initiated.

o Grasping Latency: This metric evaluates how well the
policy replicates the timing of the expert’s actions. It
is the absolute difference in frame number (timestep)
between when the autonomous agent initiates the grasp
versus when the expert did in the demonstration:

Grasping Latency = |trobot, grasp — fexpert, grasp|-  (7)

where 4. is the timestep at which the grasping action
occurs.

The results in Table I reveal significant performance
variations across methods in both deployment and evaluation
metrics, emphasizing the critical role of dynamic RCM
calibration and resampling mechanisms. In deployment tests,
the baseline ACT method achieved partial success, grasping
the black ring twice and placing the orange ring three times
across five trials, but failed to complete the full task sequence
due to insufficient coordination between subtasks. The RCM-
ACT variant without resampling performed marginally better,
with one successful grasp and four placements, yet also
failed to achieve full-task completion. In contrast, the full
RCM-ACT model demonstrated robust reliability, success-
fully grasping the black ring three times, placing the orange
ring five times, and completing the entire task sequence in
three out of five trials. The RCM-ACT with encoder variant
could not be deployed effectively, as encoder-induced noise
caused excessive mechanical jitter, rendering it inoperable
for practical execution.

For evaluation metrics, the full RCM-ACT model out-
performed all variants, achieving the lowest mean squared
error of 0.014988, indicating precise alignment with expert
trajectories. This result significantly surpassed the baseline
ACT and the non-resampling RCM-ACT variant, which ex-
hibited higher errors of 0.019876 and 0.022512, respectively.
Grasp deviation, a critical measure of positional accuracy
during ring interaction, further validated the superiority of
RCM-ACT over 40% lower than other methods. Latency
analysis revealed that RCM-ACT operated with near-real-
time responsiveness at 17.50 frames, while the baseline ACT
and the encoder-based variant suffered substantial delays of
48.50 frames and 102.00 frames, respectively. The extreme
latency in the encoder variant underscores the destabilizing
effects of noise on real-time performance.

G. Parameter Sensitivity

We systematically evaluate the impact of the chunk size
parameter on ring task performance in Figure 3. To facilitate
cross-metric comparisons, all measured values are normal-
ized to the [0,1] range. When increasing the chunk size from
smaller to medium values, latency decreases significantly,



TABLE I: Performance Comparison Between Deployment Results and Evaluation Tests

Method Deployment Model Evaluation
Rplack Grasp  Rorange Place  Task Success Rate MSE Grasp Deviation (mm)  Grasping Latency (frame)
ACT 2 3 0/5 0.019876 1.182 48.50
RCM-ACT w.Encoder - - - 0.017307 - 102.00
RCM-ACT w/o Resample 1 4 0/5 0.022512 1.386 94.25
RCM-ACT 3 5 5/10 0.014988 0.686 17.50
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Robot_Status <+ Robot - Model_Output
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Fig. 2: Diagram of the Deployment Process for the Eye Surgery Robot
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Fig. 3: Impact of the Chunk Size

achieving near-real-time responsiveness at intermediate con-
figurations. Notably, while smaller chunk sizes (<90) yield
the lowest normalized grasping deviation—critical for pre-
cise ring positioning in our ring task—their latency remains
suboptimal for dynamic robotic operations. Our chosen con-
figuration (chunk size 90) demonstrates an optimal balance,
achieving the highest normalized prediction accuracy and
near-minimal latency while maintaining grasping deviation
within task-specific precision thresholds. Larger chunk sizes
(>90) exhibit performance degradation across all metrics,
with latency increasing by 15-30% and prediction accuracy
decreasing by 12-18% compared to size 90, indicating over-
fitting to extended temporal contexts. This pattern confirms
that while moderately large chunk sizes enhance motion
continuity modeling, excessive values introduce redundant

temporal dependencies that hinder real-time adaptation.

IV. CONCLUSIONS

In this work, we presented a framework for autonomous
intraocular foreign body removal manipulation using imi-
tation learning with an eye surgical robot. Our approach
achieves submillimeter precision in instrument-ring interac-
tions. This is achieved by leveraging RCM dynamic cal-
ibration and motion scaling-invariant state representations,
enabling robust visuomotor policy training solely on surgical-
grade kinematics and stereo vision data. However, there are
still some limitations. The policy operates reactively based on
real-time observations and lacks the ability to adapt behavior
based on human input, which is essential for collaborative
surgical scenarios. Future work will focus on addressing
these challenges by integrating miniaturized endoscopic cam-
eras with optimized mounting systems to enhance clinical
relevance. Furthermore, to address the critical aspect of
operational safety as we move towards clinical application,
future work will focus on developing a robust safety frame-
work. This includes implementing “virtual fixtures” to create
software-defined no-go zones around delicate anatomical
structures like the retina, preventing any unintended contact
regardless of the policy’s output.
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