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Abstract
Purpose Reliable automation of surgical suturing requires accurate and flexible simulation tools to effectively learn robot
autonomous skills that match clinical practice. Yet, high-fidelity, ready-to-use learning frameworks remain scarce even for popular
platforms like the da Vinci Research Kit (dVRK). We release Nail It!, a complete Unity–ROS–dVRK learning framework support-
ing both teleoperation data collection and Reinforcement Learning (RL) training of surgical primitives like needle grasping and
placement.
Methods Nail It! features (i) a physics-based Unity environment with full and accurate dVRK kinematic modelling, (ii) a real-time
ROS communication with the dVRK master console for active surgeon control of Patient-Side Manipulators (PSMs), and (iii) an
integrated Graphical User Interface (GUI) for environment tuning, reward design, learning algorithms development, and sim-to-real
validation. We also provide full support for RL policies training, e.g. through Proximal Policy Optimization (PPO) with curriculum
learning and domain randomization for robust policy training of suturing steps, and Multi Agent RL for multi-arm coordination.
Results We experiment with Nail It! to learn autonomous suturing with our dVRK using PPO with curriculum learning to handle
multi-step surgical procedures, and domain randomization techniques to mitigate the sim-to-real gap and enable policy deployment.
Nail It! delivers policies that can solve the suturing task in simulation with 95% accuracy, with proven robustness over visual and
positional variations up to 15 mm (target).
Conclusions Nail It! provides a modular, high-fidelity platform for developing and benchmarking autonomous surgical skills. By
integrating accurate kinematics, reinforcement learning, and teleoperation, it supports both autonomous training and human-in-the-
loop control in realistic surgical scenarios. Direct ROS connectivity and an integrated GUI further facilitate rapid development and
sim-to-real experimentation. Supplementary materials associated with this work are publicly available at https://luigimuratore.gi
thub.io/Nail-it/.

Keywords Surgical robotics ·Reinforcement learning ·DaVinci ResearchKit (dVRK) ·Autonomous suturing · Policy optimization ·
Multi-agent RL

State of the art and open challenges

Robotic-assisted surgery has significantly advanced mini-
mally invasive procedures by improving dexterity, precision,
and ergonomics compared to conventional laparoscopy.
Among surgical subtasks, suturing remains one of the most
fundamental challengingoperations, requiringprecise needle
handling, bimanual coordination, and consistent execution
over long periods [1]. Being a repetitive and time-consuming
activity, suturing is a prime candidate for automation,
with the potential to reduce surgeon workload, standardize
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outcomes, and improve procedural efficiency in robotic-
assisted surgery [2].

Despite sustained research interest, autonomous surgi-
cal suturing remains an open problem. Early approaches
focused on classical control and motion planning tech-
niques, often relying on pre-defined trajectories or simplified
task assumptions [3]. More recent works have explored
learning-based methods, including Imitation Learning (IL)
and Reinforcement Learning (RL), to cope with the variabil-
ity and complexity inherent in surgical manipulation [4–6].
These approaches have demonstrated promising results in
subtasks such as needle grasping, positioning, and simple
insertion motions.

However, fully autonomous suturing requires coordi-
nated multi-step manipulation, precise handling of tools, and
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robustness to geometric and visual shifts. The problem is fur-
ther exacerbated for systems such as the da Vinci Research
Kit (dVRK), where even and accurate modelling of the
robot’s kinematics and joint constraints—essential for trans-
ferring learned behaviours to real hardware [7]–still lacks.
As a result, many existing approaches restrict their scope to
simplified tasks, single manipulators, or heavily constrained
environments, limiting their applicability to realistic surgical
scenarios. A growing body of work highlights that progress
in autonomous suturing is increasingly bottlenecked not by
learning algorithms alone, but by the quality and fidelity of
the simulation environments used for training and validation
[8].

Unified framework

Accurate and reliable simulation plays a crucial role for
the development of autonomous surgical systems, enabling
safe policy learning, large-scale data generation, and sys-
tematic benchmarking before deployment on real robots.
Several simulation frameworks have been proposed to sup-
port research in surgical robotics and learning-based control,
particularly in conjunction with the dVRK platform [9–17].

While these simulators provide valuable capabilities, such
as rigid-body dynamics, simplified soft tissue interaction,
or task-specific environments, they share important limita-
tionswhen considered in the context of autonomous suturing.
Most notably, existing frameworks often rely on approxi-
mate or incomplete kinematic models of the dVRK, without
explicitly accounting for joint-level behaviour and passive
mechanisms that are essential for precise needle manipu-
lation. This limits the physical consistency of the simulated
motions and dramatically increases the sim-to-real gap when
transferring learned policies to hardware. In addition, many
simulators lack tight integration with ROS-based control
architectures and the physical dVRK master console, pre-
venting seamless transitions between autonomous execution,
teleoperation, and human-in-the-loop data collection.

RL pipelines are therefore frequently implemented in
an ad hoc or task-specific manner, with limited support
for advanced learning paradigms like curriculum learn-
ing, domain randomization, or systematic reward-function
design, elements that are essential for stable training in com-
plex manipulation tasks such as suturing.

Despite suturing being inherently a bimanual and coop-
erative task, current simulation platforms rarely support
Multi-Agent Reinforcement Learning (MARL) paradigms to
allow coordinated training of multiple Patient-Side Manipu-
lators (PSMs) [18, 19].

These limitations highlight the lack of a unified, high-
fidelity simulation environment that simultaneously pro-
vides:

• Accurate dVRK kinematics at the joint level;
• Flexible and scalable RL-bases training;
• Real-time bidirectional ROS communication;
• Support for both autonomous control and teleoperation
within the same framework.

To bridge this gap, we release Nail It!, a Unity–ROS sim-
ulation framework specifically designed for learning-based
autonomous surgical suturing with the dVRK. By combining
accurate kinematic reconstruction, real-time ROS connec-
tivity, and an integrated GUI, with a RL-based learning
infrastructure potentially supporting multiple learning meth-
ods (e.g. PPO, SAC) with or without additional advanced
learning strategies to increase policy robustness (domain
randomization and curriculum learning), Nail It! enables
reliable training, evaluation, and sim-to-real validation of
autonomous needle manipulation and suturing-related tasks.

Materials andmethods

System architecture and simulation environment

The proposed framework integrates the Unity real-time 3D
engine with ROS to enable synchronized simulation, teleop-
eration, and autonomous control of the dVRK. The overall
architecture follows a modular design (Fig. 1a), which sep-
arates simulation, middleware, and learning functionalities
while maintaining tight real-time coupling.

At the simulation level, Unity is responsible for kinematic
modelling, physics simulation, and visual rendering of the
surgical scene. The environment simulates realistic interac-
tions between instruments and task objectswhilemaintaining
deterministic physics to ensure reproducibility across learn-
ing experiments.

The middleware layer ensures bidirectional communica-
tion between Unity and the dVRK software stack, enabling
real-time exchange of joint states, end-effector poses, and
control commands.

The learning layer handles RL agents, data logging, and
policy evaluation, and interfaces with ROS to access sim-
ulated and teleoperated data streams. This enables both
autonomous training in simulation and the collection of joint-
level and end-effector trajectories during teleoperation for IL
and offline analysis.

This modular structure supports extensibility and repro-
ducibility, allowing new task environments, sensors, or
learning algorithms to be integrated with minimal reconfig-
uration.

A complete surgical scene replicates the workspace and
spatial constraints of a standard dVRK setup (Fig. 1b). The
environment includes two Patient SideManipulators (PSM1,
PSM2), the endoscopic camera, and the passive support
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Fig. 1 Overview of the proposed Unity–ROS–dVRK framework: a Layered design architecture scheme, b Complete surgical scene in Unity

assembly, all modelled at a 1:1 scale to preserve the real
platform’s geometry and reachability.

A surgical bed and laparoscopic camera are placed to repli-
cate anatomical entry points, line-of-sight constraints, and
occlusions of a real dVRK setup. A surgical phantom [20]
and auxiliary assets [21] are integrated into the scene, which
is designed to match the spatial layout, kinematic limits, and
visibility conditions of the surgical cart, providing a realistic
and modular environment for teleoperation and reinforce-
ment learning.

Kinematic modelling and ROS integration

Afull kinematic reconstruction of the dVRKPSMwas imple-
mented in Unity including both active and passive kinematic
elements [22, 23].

The modelling process moves from a complete Denav-
it–Hartenberg (DH) formulation of the PSM, defining link
frames, joint axes, and geometric offsets (Fig. 2). These
parameters served as the analytical backbone for rebuild-
ing the manipulator in Unity, guiding the placement and
orientation of each virtual link and preserving the spatial
relationships of the physical robot.

Passive joints and calibrated coupling factors are intro-
duced to reproduce physical interdependencies and mechan-
ical constraints of the real dVRK mechanism, enabling
realistic tool motion despite the absence of direct actuation.
The resulting kinematic model yields a mechanically consis-
tent simulation suitable for teleoperation and RL.

The reconstructed PSM kinematics are validated through
representative joint-space motions with progressively
enabled compensation constraints (Fig. 3), confirming that
passive joints and coupling terms restore realistic joint coor-
dination and end-effector trajectories. This level of kinematic

fidelity is critical for learning-based control, where small
modelling errors can destabilize policies or hinder sim-to-
real transfer.

The communication scripts were adapted from the open-
source STEVE framework1 and extended to support dVRK-
specific joint structures, message types, and update frequen-
cies. This enables full control of the simulated PSMs through
the physical dVRKmaster console while preserving compat-
ibility with standard ROS topics, transforms, and controller
nodes.

Unity subscribes to master-console input topics and pub-
lishes simulated PSM states back to ROS, forming a closed
feedback loop that supports real-time teleoperation with
visual feedback from Unity’s 3D scene.

The same interface enables synchronized data logging,
allowing human demonstrations collected during teleopera-
tion to be directly reused for IL or hybrid training pipelines.

Reinforcement learning framework and task design

Reinforcement learning is implemented using PPO, chosen
for its stability in continuous control, while SAC is evaluated
for comparison under identical task and observation settings.
Learning is interfaced through Unity ML-Agents.

Observations comprise joint states, tooltip poses relative
to targets, and binary contact information (20 features), with
a seven-dimensional continuous joint action space per PSM.

Hyperparameters were tuned empirically, and the final
configuration is reported in Table 1 of the Supplementary
Material. All experiments were repeated across three ran-
dom seeds. CL is employed to progressively increase task

1 STEVE framework repository: https://github.com/alberto-rota/
STEVE.

123

https://github.com/alberto-rota/STEVE


International Journal of Computer Assisted Radiology and Surgery

Fig. 2 Denavit–Hartenberg
parameters of the PSM

difficulty, while DR improves robustness by varying object
geometry and spatial parameters during training (CL details
are reported in Table 2 of the Supplementary Material).

Four tasks were defined to evaluate both single-agent and
multi-agent control scenarios (Fig. 4):

1. Reaching—The agent moves the end-effector from a ran-
domized initial configuration to pick up the needle.

2. Placement—The agent positions and stabilizes the needle
on a designated target plane.

3. Complete manipulation—A sequential episode combin-
ing reaching, grasping, and placement.

4. Multi-Agent Task—Two PSMs operate concurrently to
perform coordinated needle manipulation and hand-off.

For the reaching task, the agent is rewarded proportionally
to the distance reduction between the end-effector and the
needle, with larger incentives within a proximity band and a
terminal success reward upon entering the grasping region.

The placement task combines height-based shaping with
a lateral centring term to encourage precise alignment with
the target plane, rewarding stable contact and penalizing loss
of contact.

The complete task integrates these components sequen-
tially, issuing a one-time reward upon successful grasping
and a terminal reward upon correct placement, while penal-
izing needle drops.

Across all tasks, the reward function includes a small time
penalty and a velocity penalty to promote smooth, efficient
motion.
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Fig. 3 Comparison of PSM arm
pitch motion without and with
kinematic constraints: (a, c)
Motions executed without
constraints, (b, d) Corresponding
motions with constraints enabled.
Panels a–b show
counterclockwise rotations,
while panels c–d show clockwise
rotations

Table 1 Quantitative comparison
across learning methods. For
each task, success rate (SR) and
mean final target error are
reported. The error is the
Euclidean distance between the
needle tip and the target centre at
the final timestep

Method Reaching Placement Complete

SR (%) Error (mm) SR (%) Error (mm) SR (%) Error (mm)

PPO 92 1.8 85 2.4 78 3.1

SAC 30 12.4 24 15.2 20 18.9

PPO + CL 96 1.4 91 2.0 85 2.7

PPO + DR 94 2.0 88 2.6 81 3.3

PPO + CL + DR 95 1.2 90 2.1 88 2.9

Detailed pseudocode descriptions of the reward functions
for the reaching, placement, and completemanipulation tasks
are provided in Algorithms 1–3 of the Supplementary Mate-
rial.

The defined tasks are intentionally structured as manipu-
lation primitives rather than complete suturing procedures.
This decomposition reflects a staged approach to surgical
autonomy, where reliable execution of low-level skills pre-
cedes the integration of higher-level behaviours. By isolating
reaching, grasping, and placement, the framework enables
targeted analysis of learning dynamics and failure modes,
while providing reusable components for future composition
into full suturing pipelines.

To extend beyond single-arm autonomy, a MARL archi-
tecture is introduced to coordinate the two PSMs. Each arm

is governed by an independent policy network under a decen-
tralized execution scheme, while centralized training allows
agents to exploit shared environmental information.

The design follows the Centralized Training with Decen-
tralized Execution (CTDE) paradigm, enabling coordinated
bimanual behaviours such as hand-off motions and coopera-
tive manipulation.

In the defined multi-agent task, PSM1 performs reaching,
grasping, and transport of the needle to the entry location. A
deterministic controller then executes a scripted insertion arc
to emulate tissue penetration. Control subsequently transfers
to PSM2, which learns to approach, align, and re-grasp the
exposed needle tip to follow-up the manipulation.

The insertion motion is intentionally scripted, to decouple
tissue interaction from coordination learning, allowing the
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Fig. 4 Tasks design: a reaching,
b placement, c complete,
d multi-agent

agents to focus on perception, grasping, and hand-off strate-
gies without introducing additional sources of uncertainty at
this stage.

This architecture provides a scalable foundation for future
extensions toward fully autonomous suturing involving syn-
chronized dual-arm control.

All implementation details, including hardware specifica-
tions and software versions, are reported in Table 3 of the
Supplementary Material.

A dedicated GUI was developed to streamline experimen-
tal configuration, teleoperation, and RLworkflows. The GUI
allows users to select surgical scenes, configure task param-
eters, adjust learning hyperparameters, enable curriculum
learning and domain randomization, andmonitor joint states,
rewards, and policy convergence in real time.

The interface supports both teleoperation and autonomous
training modes, enabling efficient testing, demonstra-
tion recording, and hybrid learning scenarios. By expos-
ing key parameters without code-level modification, the
GUI significantly accelerates reward design and algorithm
development.

Results

The proposed framework was evaluated on both single-agent
and multi-agent manipulation tasks to assess learning stabil-
ity, convergence behaviour, task success, and coordination
performance. All experiments were conducted using PPO
with results aggregated over three independent randomseeds.

Single-agent task performance

All single-agent tasks—reaching, placement, and com-
plete manipulation—were successfully learned using PPO.
Figure 5 reports the cumulative reward curves for each task,
illustrating distinct learning dynamics corresponding to task
complexity.

Across all single-agent tasks, PPO converged reliably
for all random seeds, with learning curves reaching a sta-
ble steady state after training. Final policies achieved task
success rates exceeding 90% across evaluation episodes,
demonstrating consistent execution under the randomized
conditions introduced during training.

In contrast SAC failed to achieve task completion across
all evaluated scenarios, exhibiting high variance and unsta-
ble oscillatory behaviour in the learning curves and never
reaching meaningful reward levels within the same training
horizon. This behaviour is consistent with known limitations
of off-policy methods such as SAC in long-horizon manipu-
lation tasks with sparse terminal rewards and tight geometric
tolerances. In the considered environment, sub-millimetre
placement constraints, delayed success signals, and a high-
dimensional continuous action space significantly increase
the difficulty of credit assignment, favouring the on-policy,
clipped-update structure of PPO.

A quantitative comparison across learning methods is
reported in Table 1, summarizing task success rates andmean
final target errors for all single-agent tasks.

Training runs incorporatingCLconverged consistently for
all seeds. In contrast, training without CL frequently resulted
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Fig. 5 Cumulative reward over time of the tasks: a reaching task, b placement task, c complete task

in unstable behaviour or failure to converge. Policies trained
with domain randomization demonstrate strong performance
across variations in object pose, plane geometry, andgrasping
conditions not seen at training time.

Quantitatively, the learned policies achieved high spatial
accuracy despite substantial injected variability. Across eval-
uation episodes, the average centring error with respect to the
target entry point was about 3.0 mm, even under positional
randomization of up to 15 mm for the target plane and 5 mm
for the needle pose. This result highlights the ability of the
proposed method to learn precise control policies that gener-
alize beyond nominal training configurations, supporting its
use as a reference baseline for future algorithmic improve-
ments.

Single tasks were completed within 100–150 simulation
steps (approximately 1.7–2.5 s at 60 Hz) while complete
manipulation task required more steps due to its sequential
structure but still achieved consistent end-to-end execution
across evaluation episodes.

Representative rollouts for all single-agent tasks are
provided in the Supplementary Material (Videos S1–S9),
including video demonstrations for three independent ran-
dom seeds per task.

Analysing each task individually shows distinct learning
behaviours that reflect increasing task complexity:

• Reaching task: exhibited rapid learning, with cumulative
rewards increasing sharply during early training and sta-
bilizing after approximately 1–1.25 million steps. After
convergence, the agent consistently reached the needle
from randomized initial configurations with low variance
across episodes.

• Placement task: demonstrated smooth and monotonic
reward growth throughout training. Convergence occurred
after approximately 3–4million steps, followedbya stable,
low-variance reward plateau, indicating consistent place-
ment accuracy across evaluation episodes.

• Complete manipulation task: presented the most com-
plex learning dynamics. Reward curves exhibited larger

variance during the initial 0–500 k steps, corresponding
to exploration and the difficulty of discovering reliable
sequential strategies. After convergence, policies achieved
stable end-to-end execution, with occasional reward drops
associated with exploration or imperfect grasps.

Overall, these results define a strong and reproducible
baseline for learning surgical manipulation tasks using RL,
against which future methods—such as alternative reward
shaping, improved observation models, or hybrid learning
strategies—can be quantitatively compared.

These results establish the proposed Nail It! training
pipeline as a stable baseline for learning fine manipulation
behaviours in surgical robotics simulation.

Multi-agent task performance

Multi-agent experiments evaluated coordinated manipula-
tion between PSM1 and PSM2. PSM1 reliably executed
reaching, grasping, and pre-insertion placement, consistently
positioning the needle at the entry site. The scripted insertion
arc behaved deterministically, providing a stable transition
between agents.

PSM2did not achieve reliable re-grasping of the needle tip
following insertion. Although the policy occasionally moved
the end-effector toward the correct spatial region, small pose
deviations introduced during the insertion phase—combined
with ambiguities in the observation space shared between
agents—resulted in needle configurations that were not con-
sistently represented during training. Consequently, PSM2
failed to precisely localize and re-grasp the needle in a stable
manner.

Rather than representing a limitation of the Nail It frame-
work itself, this outcome highlights an important open
research direction. The current results serve as a base-
line multi-agent benchmark, illustrating the sensitivity of
coordinated surgicalmanipulation to inter-agent state estima-
tion, observation design, and policy coupling. Future work
may address these challenges through improved cross-agent
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perception, shared latent representations, explicit communi-
cation mechanisms, or hierarchical coordination strategies.

Qualitative multi-agent executions are illustrated in the
Supplementary Material (Videos S10–S11).

Discussion

The results demonstrate that Nail It! provides a stable
and effective environment for learning autonomous surgi-
cal manipulation skills under realistic kinematic and spatial
constraints. Across all single-agent tasks, PPO consistently
achieved reliable convergence, confirming its suitability for
high-dimensional, tightly coupled robotic systems such as
the dVRK. In contrast, the unstable behaviour observed with
SAC highlights the sensitivity of surgical manipulation tasks
to algorithmic choices, where smooth convergence, low vari-
ance, and predictable behaviour are critical for both safety
and reproducibility.

A central outcome of this work is the validation of task
decomposition into manipulation primitives as a viable strat-
egy for autonomous suturing research. While the presented
tasks do not yet constitute a complete suturing procedure,
they capture essential subtasks—needle reaching, grasping,
orientation, and placement—that form the foundation of
suturing. Reliable execution of these primitives is a necessary
prerequisite for higher-level behaviours such as tissue inter-
action, stitch tightening, and knot tying. Framing autonomy
around validated primitives enables a modular development
paradigm, where increasingly complex surgical behaviours
can be composed from well-understood and robust low-level
skills.

Curriculum learning emerged as a decisive factor in
enabling precise manipulation. When exposed immediately
to full task complexity, agents frequently failed to discover
stable strategies, particularly for grasping and placement.
Gradually increasing task difficulty allowed the agent to
acquire coarse positioning behaviours first and refine them
into precise, goal-directed motions. This progression mir-
rors human surgical training and supports the view that
curriculum-based approaches are particularly well suited to
surgical robotics, where precision requirements are high, and
exploration must be carefully constrained.

Domain randomization further enhanced robustness by
exposing policies to variability in object pose, workspace
geometry, and grasping conditions. Policies trained under
randomized conditions consistently maintained high success
rates in previously unseen configurations, addressing one of
the primary barriers to sim-to-real transfer. While real-world
deployment will inevitably introduce additional sources of
uncertainty, these results indicate that the proposed frame-
work provides a solid foundation for bridging the sim-to-real
gap in future experiments on physical dVRK systems.

The observed residual jerk during rapid reorientation
or fine adjustments highlights an important limitation of
learning-based control in rigid-body simulators. Although
velocity penalties reduce extreme accelerations, agents may
still exploit dynamic shortcuts that are suboptimal for surgi-
cal motion quality. This behaviour is expected in physics
engines not explicitly designed for surgical smoothness.
Ongoing work will explore jerk-aware reward terms, differ-
entiable smoothing layers, and hybrid low-level controllers
to further align learned trajectories with the motion charac-
teristics required for safe and precise surgical execution.

In the multi-agent setting, reliable performance by PSM1
demonstrates that coordinated dual-arm manipulation is a
promising direction within the proposed framework. At the
same time, the failures observed during transfer to PSM2
reveal the significant sensitivity of multi-agent coordination
to upstream variability, observation design, and intermedi-
ate task states. Small pose deviations accumulated during
the insertion arc were sufficient to degrade downstream per-
formance, underscoring the inherent difficulty of multi-stage
bimanual manipulation. These findings motivate future work
on improved curriculum strategies, expanded domain ran-
domization over intermediate configurations, and explicit
cross-agent feedback mechanisms.

Conclusions

This work presents Nail It!, a unified Unity–ROS–dVRK
simulation framework for studying autonomous surgical
manipulation through reinforcement learning and teleoper-
ation. The framework integrates accurate kinematic mod-
elling, learning-based control, and real-time interaction
within a single modular architecture, enabling systematic
investigation of surgical manipulation tasks under realistic
constraints.

This work demonstrates the successful learning of nee-
dle reaching, placement, and complete manipulation tasks
using reinforcement learning. Through CL and DR, stable
convergence and robust performance were achieved across
increasing task complexity, supporting a staged approach
toward autonomous suturing in a physically consistent sim-
ulation environment.

The framework further provides a high-fidelity kinematic
model of the dVRKPSM, capturing passive joints, couplings,
and mechanical constraints to closely reproduce real system
behaviour and improve sim-to-real consistency. In addi-
tion, support for real-time surgeon-in-the-loop teleoperation
enables demonstration collection and analysis, positioning
the simulator as a unified testbed for reinforcement, imita-
tion, and hybrid learning approaches in surgical robotics.

The integrated GUI supports efficient experimentation
by enabling configuration of tasks, learning parameters,
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curriculum schedules, and domain randomization without
code-level modification. While not the central contribution
of this work, the GUI facilitates rapid iteration, monitoring,
and debugging of learning experiments, improving usability
and reproducibility during algorithm development.

Taken together, these components form a complete and
extensible simulation framework that supports autonomous
learning, surgeon-in-the-loop teleoperation, and data collec-
tion within a unified environment. Future work will extend
the system toward soft-tissue interaction, force-aware con-
trol, and deployment on physical dVRK hardware, enabling
investigation of shared autonomy, bimanual coordination,
and full suturing pipelines. These developments will further
advance the framework toward safe, robust, and clinically
relevant autonomous surgical systems.

Supplementary Information The online version contains supplemen-
tarymaterial available at https://doi.org/10.1007/s11548-026-03735-8.
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