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M E D I C A L  R O B O T S

Will your next surgeon be a robot? Autonomy and AI in 
robotic surgery
Samuel Schmidgall1, Justin D. Opfermann2, Ji Woong Kim2†, Axel Krieger2*

State-of-the-art surgery is performed robotically under direct surgeon control. However, surgical outcome is lim-
ited by the availability, skill, and day-to-day performance of the operating surgeon. What will it take to improve 
surgical outcomes independent of human limitations? In this Review, we explore the technological evolution of 
robotic surgery and current trends in robotics and artificial intelligence that could lead to a future generation of 
autonomous surgical robots that will outperform today’s teleoperated robots.

INTRODUCTION
Every year, more than 150,000 patients in the US are diagnosed with 
colon cancer (1), and laparoscopic colectomy stands as their sole 
curative treatment. However, the surgery’s success varies substan-
tially because of differences in surgeons’ skills, experience, and tech-
niques, leading to complication rates reported as high as 23% in 
some studies (2). Despite the advancements in teleoperated robotic 
surgery, it has not notably reduced the risk of complications such as 
anastomotic leaks (3). Given these challenges, there is a growing in-
terest in surgical robots that can perform procedures autonomously. 
These robots have the potential for both greater consistency and 
precision than even the most skilled surgeons, potentially lowering 
complication rates and decreasing patient wait times. Moreover, 
they could extend essential surgical care to areas lacking expert sur-
geons, including remote locations on Earth and space missions, 
ultimately democratizing access to quality surgical interventions.

This Review explores the technological evolution of robotic sur-
gery and current trends in robotics and artificial intelligence (AI) 
that could lead to a future generation of autonomous surgical robots 
that will outperform today’s teleoperated robots. We expand on pre-
vious reviews in the field that focused on clinical applications (4), 
regulatory and ethical considerations (5), medical robotics retro-
spectives (6), spine surgery (7), glossary terms (8), or health ecosys-
tems (9) and those that occurred well before the current wave of AI 
in robotics (10–13). In this work, we briefly explore the evolution of 
surgical techniques from ancient times to the present day, highlight-
ing key milestones that have shaped modern surgery. We then discuss 
the current state of robotic-assisted surgery (RAS) and its limitations, 
setting the stage for the potential of autonomous surgical robots. We 
examine the levels of surgical robot autonomy, from teleoperation to 
full autonomy, and discuss the AI methods driving progress toward 
increased surgical autonomy. It is important to note that this Review is 
limited to end-to-end learning methods, such as reinforcement learn-
ing and imitation learning, which have shown promising results for 
achieving autonomous surgical actions. We do not cover broader AI 
categories—including model-based methods like task planning and 
motion planning—in depth (13–15), because our goal is to highlight 
the recent advances in learning-based surgical autonomy.

Specifically, we focus on two primary approaches: simulation 
and imitation-based learning. We analyze the advantages and chal-
lenges of each method, including the development of sophisticated 
surgical simulators and the application of reinforcement learning 
and imitation learning techniques. Throughout the Review, we con-
sider the potential impact of autonomous surgical robots on health 
care delivery, patient outcomes, and the future of surgical practice. 
We conclude with a perspective on the current trends in autono-
mous robotics that will likely shape the future of robotic surgery.

An overview of surgical techniques
Surgical approaches
Despite the history of surgery dating as far back as 3000 BCE (16), it 
was not until the 19th century CE that the innovation of anesthesia 
and aseptic techniques would lead to a paradigm shift in surgical 
care. Sedation, sterilization, and sterile techniques reduced infection 
rates and enabled more complex surgeries. Over the course of the 
past 60 years, surgeries have evolved from a largely open technique 
to procedures with no incision at all (Fig. 1). Open surgery refers to 
those procedures where large incisions are used to expose entire or-
gans and allow the surgeon to directly manipulate the surgical field, 
such as in open-heart surgery and microvessel reconstruction. Open 
surgeries were made less invasive by the invention of laparoscopes 
and long surgical tools that provide visualization and manipulation 
of tissue through small surgical ports, known as laparoscopic sur-
gery (17). These procedures are referred to as single-port surgeries 
when only a single access point is used. Surgical incisions can be 
completely eliminated when the single-port surgery is performed 
through a natural orifice, a procedure called natural orifice translu-
minal endoscopic surgery (NOTES) (18, 19). NOTES potentially 
reduces postoperative pain, shortens recovery times, and minimizes 
the risk of wound-related complications. However, this technique 
presents unique challenges, including the need for specialized in-
struments, advanced endoscopic skills, and careful consideration of 
infection control measures. The development of specialized robotic 
systems tailored for single-port surgeries is expected to reduce these 
barriers and expand their application across a broad range of surgi-
cal interventions (20, 21).
Robotic-assisted surgery
As surgical approaches become progressively less invasive from 
open to NOTES procedures, the technical skill and surgical training 
required to achieve high-quality surgical outcomes drastically in-
crease. The tools used in laparoscopic surgery, for instance, may 
only have a single degree of freedom, which makes tissue cutting 
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and suturing challenging for even the most experienced surgeon. 
These challenges are amplified in single-port and natural orifice sur-
geries where the working space is further constrained, resulting in 
tool collisions and small working volumes that restrict surgical mo-
tions. Minimally invasive surgery is also notorious for poor ergo-
nomics because of the surgeon’s posture, whereas visualization is 
limited because of two-dimensional (2D) views of the surgical field.

Today’s surgical robots are specifically designed to restore the sur-
geon’s surgical dexterity when manipulating tissue and tools while also 
improving the ergonomics and visualization of minimally invasive 
procedures (Fig. 1C). These systems use a “leader” and “follower” de-
sign whereby a surgeon sits at an operative console (leader) and con-
trols the exact motions of a robotic arm and tool located at the patient’s 
bedside (follower). The tools used in robotic surgery have multiple 
degrees of freedom at the distal end, which restore dexterity to the 
surgeon and enable wrist motions of the tools, creating the perception 
that the surgeon’s hands are directly manipulating the distal end of the 
surgical instrument within the patient. The surgeon’s positioning at 
the console also improves surgical ergonomics because the head and 
neck rest in a natural position to observe intraoperative video from 
the surgical camera. The displayed endoscopic video is stereoscopic, 
providing qualitative 3D visualization and restoring depth percep-
tion to the surgeon. Today, RAS is commonly performed for laparo-
scopic, single-site, and natural orifice procedures. With more than 
90% of radical prostatectomies performed with a robotic approach, 
RAS is the standard of care for urology, but global surgical trends 
illustrate rapid adoption of RAS in general surgery and gynecology 
(22). In 2023, more than 2.2 million surgeries were performed with 
da Vinci surgical platforms alone, and global cases are expected to top 
2.5 million by the end of 2024 (23).

THE NEED FOR AUTONOMOUS ROBOTIC SURGERY
Although RAS has improved ergonomics and introduced technical 
advantages, its cost-effectiveness and long-term outcome benefits re-
main subjects of debate (24, 25). Current surgical paradigms rely on 
the surgeon to control every motion of the robot, and so surgical out-
comes are still directly related to the surgeon’s training, skill, and 
decision-making during a procedure. There is a substantial learning 
curve in robotic surgery (26), surgical outcomes vary greatly between 
hospitals (27), and postoperative complications differ by surgeon (28).

Surgical robots, which have built-in autonomy, present a promis-
ing solution to these challenges, offering the potential to improve 
efficiency, safety, and consistency in surgical procedures. By provid-
ing expert-level care independent of location or surgeon experience, 
these systems could substantially reduce complication rates in com-
plex operations, such as kidney and bowel surgeries. Moreover, they 
have the potential to address health care disparities by extending 
high-quality surgical care to underserved areas, contain rising health 
care costs, and protect health care workers during pandemics. This 
becomes increasingly important as surgeon shortages continue to 
increase across the world (29).

The successful integration of autonomous robots could revolu-
tionize surgical practice in several ways. These systems could sup-
port surgeons by handling repetitive tasks, enable simultaneous 
oversight of multiple operations, address projected surgeon short-
ages (particularly in developing countries), and improve overall sur-
gical safety and consistency. However, the path to fully autonomous 
surgery is not without obstacles. Key challenges include accurately 
differentiating between healthy and diseased tissues in complex, 
variable surgical environments; maintaining robust perception when 
blood, surgical smoke, fog, or tissue debris occlude the camera (30–32); 
compensating for rapid lighting changes caused by endoscope repo-
sitioning or electrocautery flashes; accommodating patient-specific 
anatomical variations; managing real-time tissue deformations dur-
ing procedures [e.g., bowel wall excursions of ±8 mm at 1 Hz due to 
respiration and peristalsis (33)]; and reconstructing stable, drift-free 
3D models of constantly deforming anatomy.

Navigating the complexities of soft tissue surgery presents addi-
tional hurdles where preoperative planning is less feasible because of 
variability and access limitations. To overcome these challenges, au-
tonomous surgical robots will require advanced capabilities in ac-
curate imaging, adaptive planning, and precise execution. In the 
following sections, we will introduce the varying levels of autonomy 
(LoAs), as well as discuss the technical paths using AI that have the 
potential for furthering autonomy in robotic surgery.

LEVELS OF SURGICAL ROBOT AUTONOMY
The integration of robotic surgical systems, augmented with AI, 3D 
visualization, and specialized tools, has introduced autonomous 

Fig. 1. The evolution of surgical techniques. (A) Surgeries began with open interventions where internal organs are exposed with a large incision. (B) Clinical and tech-
nical innovations led to less-invasive techniques where tools were inserted through multiple ports to conduct laparoscopic surgeries. (C) Today’s state-of-the-art surgery 
is performed by human-controlled robotic surgical systems using multi- and single-port approaches.
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capabilities surpassing those of expert surgeons in both synthetic and 
living tissues, with some aspects already adopted in clinically ap-
proved systems. To categorize these advancements, six tiers of LoAs 
were introduced in 2017 (5) and then refined in 2019 (10) to better 
define human supervision requirements and task-specific perfor-
mance metrics. We can further delineate and clarify differences in the 
LoAs by adding a secondary metric originally proposed by IEC/TR 
60601-4-1 (International Electrotechnical Commission Technical 
Report; International Organization for Standardization standard for 
the guidance and interpretation of medical electrical equipment and 
medical electrical systems) and interpreted by Kaber and Endsley 
(34) called the degree of autonomy (DoA) (Table 1). The DoA classi-
fies the relationship between human and robot interaction during 
four different operating functions that can be defined in the context 
of surgery as follows: monitor—collect information about the patient, 
operator, or surgical task; generate—create possible plans or routines 
to achieve a surgical goal based on monitoring; select—choose a plan 
or routine to execute; and execute—carry out the selected plan or 
routine. In this Review, we differentiate the LoAs of surgical robotic 
systems on the basis of these four operating functions, because they 
provide more granularity to better capture the combinations of hu-
man and robot decision-making that constitute the autonomous ca-
pability of each specific system.

No autonomy (L-0)
With no autonomy, the human surgeon is solely responsible for 
monitoring, generating, selecting, and executing the surgery. Dur-
ing the surgery, no active robotic equipment is used. No autonomy 
is the current standard of care for many surgical centers that do not 
have access to robotic surgical equipment and is commonly referred 
to as manual surgery. Robotic systems for capsule endoscopy that 
only enable the operator to visually inspect the surgical scene and 
not provide intervention, such as the NaviCam (35), fall into this 
category as well.

Robot assistance (L-1)
At this level, monitoring may be shared between the human and ro-
bot, whereas the human operator retains control over the generation, 
selection, and execution of surgical plans. The robot supports low-
level mechanical operations to improve human performance without 
direct involvement in surgical tasks. Examples include teleoperation 
with systems like the da Vinci surgical robot (36–38), Senhance Sur-
gical System (39), or MUSA-3 robot (40), which offer dexterous tool 
control and tremor filtering. A key to their success is cable-driven 
actuators enabling wristed tool motions, adding two degrees of free-
dom for a full six degrees of motion inside the body, intuitively 
mapped to replicate the surgeon’s hand movements. Other robotic 

Table 1. Classifying autonomous surgical techniques on the basis of their respective LoAs and DoAs. H represents human actions taken; R represents 
robot actions taken.

LoA Description DoA Description Monitor Generate Select Execute

 0 No autonomy 0 Full manual: There is no robotic interaction during the surgical 
procedure, and the human is responsible for all surgical planning, 
decision making, and execution.

H H H H

 1 Teleoperation 1 Teleoperation: The robot assists the human operator during 
surgery, but the human maintains continuous control of the 
robot. The robot may perform mechanical tasks to enhance the 
operator’s performance, but it does not perform surgical tasks on 
the patient.

H/R H H H

 2 Task autonomy 2 Preprogrammed execution: The human generates and selects the 
surgical plan to be performed, and the robot executes that plan.

H/R H H R

3 Shared decision: Both the human and robot generate possible 
surgical plans, but the human has the sole decision to select the 
surgical plan to be executed. The human and robot share execu-
tion of the plan.

H/R H/R H H/R

4 Decision support: The robot generates surgical plans that the hu-
man may choose to augment. The robot then performs execution 
of the surgical plan.

H/R H/R H R

 3 Supervised 
autonomy

5 Blended decision: The human and robot share in the generation 
and selection of the surgical plan. However, the robot makes an 
initial selection that the human can choose to confirm or modify.

H/R H/R H/R R

6 Guided decision: The robot is responsible for generating all of the 
surgical plans, and the human selects the surgical plan. The robot 
executes the surgical plan without human assistance.

H/R R H R

 4 High-level 
autonomy

7 Autonomous decision: The robot generates, selects, and executes 
a surgical plan. The surgical plan can be augmented by the human 
before it is selected or executed.

H/R H/R R R

8 Operator monitoring: The robot generates, selects, and executes 
the surgical plan without human assistance. The human can only 
monitor the task execution and intervene in cases of emergency.

H/R R R R

 5 Full autonomy 9 Full autonomy: The robot executes all steps of a surgical proce-
dure and does not require monitoring from a human.

R R R R
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aids include flexible endoscope holders (41), the EndoAssist laparo-
scope holder (42), the Jaimy needle grasper (43), the Edison system 
for histrotripsy (44), the MagnetoSuture anastomosis robot (45), and 
Micron (46) for stabilizing movements in delicate surgeries.

Task autonomy (L-2)
With task-level autonomy, the human performs the selection of a 
surgical plan, whereas monitoring, generation, and execution of 
low-risk tasks may be shared with the robot, shifting from continu-
ous to discrete surgeon control. The human’s selection of the final 
plan and shared control during its execution are defining factors of 
L-2 systems. These plans can range from low-level motions, like 
needle grasping and insertion, to complex tasks, such as anastomo-
sis. Examples include the AutoLap for camera positioning (47), the 
MAKO robot for arthroplasty (48), the KINEVO 900 for micro-
scope positioning (49), the Artis Zeego for targeted x-ray imaging 
(50), the Ion endoluminal system for bronchoscopy (51), and re-
search systems for needle steering (52) (considered L-3 when au-
tonomous). Research with the da Vinci Research Kit (dVRK) has 
demonstrated L-2 autonomy for laboratory-based debridement (53) 
and blood clearing (54). The success of L-2 systems is largely en-
abled by advancements in image fusion and registration between 
preoperative imaging and the robot. Furthermore, robust software 
for tool tracking via color or fiducial segmentation and algorithms 
for differentiating background from foreground tissues have ad-
vanced intraoperative applications.

Supervised autonomy (L-3)
With L-3 autonomy, the human and robot share monitoring and 
generation of surgical plans, with the robot potentially selecting the 
final plan. The defining characteristic of L-3 systems is their ability 
to execute a task without human oversight or intervention, a sub-
stantial shift in responsibility from L-2 systems. For instance, the 
Smart Tissue Autonomous Robot (STAR) (55) generates multiple 
anastomosis plans and autonomously executes the one selected by a 
surgeon. The critical technical enabler for the STAR was quantitative 
3D endoscopic imaging, allowing intraoperative 3D reconstruction 
of the surgical field to overlay plans with submillimeter accuracy. In 
addition, machine learning for real-time tissue tracking allows the 
STAR to compensate for tissue motion. Similarly, autonomous nee-
dle steering with (52) operates as a blended decision L-3 system. 
Clinical systems like the TSolution One (56) also demonstrate this 
level by performing surgical drilling routines on the basis of preop-
erative plans.

High-level autonomy (L-4)
High-level autonomy systems have shared human and robot monitor-
ing and surgical plan generation, but selecting and executing surgical 
plans are the responsibility of the robot. The defining characteristic of 
L-4 systems is that once a procedure begins, decision-making is per-
formed by the robot, including potential deviations from preselected 
surgical plans. L-4 systems have minimal human intervention, which 
is commonly limited to monitoring the surgery and intervening in 
emergency situations. The CyberKnife (57) and the experimental 
Veebot (58) system represent this, performing tasks like radiosurgery 
for deep tissue tumor ablation and vein cannulations that autono-
mously follow a preoperative plan, whereas the VisuMax robotic sys-
tem is used for corneal refractive surgery (59). Most clinical L-4 
systems are possible because the procedure does not require tissue 

dissection to expose the diseased state, and treatment can be applied 
noninvasively to a targeted region. This approach eliminates technical 
considerations and complications in automation that arise from soft 
tissue deformations during surgery, which has simplified automating 
the procedure.

Full autonomy (L-5)
With full autonomy, robots could complete surgeries independently, 
even in unforeseen circumstances, a stage not yet realized. The robot 
would solely perform monitoring, generation, selection, and execu-
tion of surgical plans without human intervention. This requires 
advanced detection, processing, and response capabilities, particu-
larly for soft tissue surgeries. Although a path has been envisioned 
(60), much work remains before L-5 autonomy can be developed.

In summary, a delineation exists for procedural suitability for 
higher autonomy. Tasks involving rigid structures (orthopedics), 
noninvasive energy delivery from preoperative plans (radiosur-
gery), or structured subtasks (supervised anastomosis) are most 
amenable to near-term levels 3 or 4 autonomy. Conversely, proce-
dures with complex, unpredictable soft tissue interactions, especially 
with deformation or perception challenges from bleeding or smoke, 
require continued human oversight (level 1 or 2) or supervisory 
roles (level 3 or 4). Bridging this gap for complex soft tissue surgery 
is a primary long-term goal, contingent on major advancements in 
sensing, planning, and adaptive control.

Autonomy and federal approval
Although the integration of autonomy in surgical robots has made 
progress in recent years, the regulatory frameworks by the US Food 
and Drug Administration (FDA) have not progressed at the same 
rate to match these advancements. A recent systematic review (61) 
indicated that most surgical robots approved by the FDA remain at 
a basic LoA, requiring direct control from surgeons. The analysis 
shows that although some surgical robots have achieved conditional 
autonomy (level 3), most are still at level 1, demonstrating a gap 
between autonomous capability and regulatory classifications. This 
delay suggests a need for updated regulatory frameworks that can 
more accurately manage the increasing autonomy in surgical ro-
botics, especially with the introduction of autonomous AI-based 
robotic systems.

AI-based surgical autonomy
Figure 2 shows that less invasive robotic systems are inherently less 
autonomous because of the technical challenges of minimizing sur-
gical invasiveness. Current model-based approaches are reaching 
their limits, illustrating the need for a paradigm shift to increase 
surgical autonomy for these procedures. Bridging this gap and shift-
ing the trend line upward require new surgical paradigms.

Intraoperative planning and control must meet millisecond-level 
deadlines while accommodating large, nonlinear tissue motions. 
For example, laparoscopic cameras can pivot >90°, and instrument 
tips can exceed 60 mm s−1. Soft-tissue stiffness may vary by two or-
ders of magnitude, and respiration can shift targets by up to 30% of 
their diameter. Classical path planners like rapidly exploring ran-
dom tree (RRT) assume static, rigid workspaces, incurring 3- to 
7-mm positional errors when tissue elasticity or kinematic con-
straints are introduced. Although promising, recent model-predictive 
controllers require >50 ms per update, an order of magnitude slower 
than the <5-ms control loop needed for safe suturing. Closing this 
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gap demands hybrid methods that fuse fast, sampling-based plan-
ners with neural surrogates of soft-body dynamics and closed-
loop feedback.

Historically, the greatest advancements in surgical autonomy 
have been model-based (55, 62–64); however, AI now offers a 
promising direction to learn directly from expert surgeons and 
from simulated surgical scenes. These methods may be the key to 
increasing autonomy in less invasive procedures. In the next sec-
tions, we outline the key methods toward increasing surgical au-
tonomy with AI and where the future of AI in robotic surgery is 
moving. Although AI plays a pivotal role in the future of surgical 
robotics, it is important to recognize that it is not the sole factor 
driving innovation in surgical robotics. Many other works, such as 
smaller, softer robotic systems and improved image guidance, con-
tribute to the state of the art and encompass a broad range of inter-
disciplinary efforts.

AI METHODS TOWARD INCREASED SURGICAL AUTONOMY
Advances in AI are expanding the autonomy of surgical systems, 
although they are not yet ready to replace expert surgeons. This Re-
view focuses on emerging learning-based AI approaches—namely, 
reinforcement learning (RL) and imitation learning (IL)—because 
these methods show great promise in achieving higher LoAs (see 
Fig. 3). We also explore future trends, highlighting the potential for 
high-capacity vision-language-action (VLA) models (65). Although 
our Review emphasizes learning-based methods, we recognize the 
contributions of non–learning-based approaches to robotic autono-
my, including task planning, motion planning, and computer vision.

Overview of reinforcement learning
RL (66) is a machine learning framework in which a robotic agent 
learns how to act in an environment by receiving rewards for its ac-
tions. Key concepts in RL include the state, action, reward, and policy. 
A state (denoted s) represents the environment at a given moment—
for instance, an endoscopic image or the current joint positions of a 
surgical robot. An action (denoted a) refers to a possible operation 
the agent can take while in a given state, such as moving a surgical 
instrument to grasp tissue. A reward (denoted r) is a numerical sig-
nal that reflects the quality of the agent’s action in a specific state—
for example, how close the robot is to a surgical target. Last, a policy 
(denoted π) is a strategy that maps states to actions, guiding the 
agent in selecting which action to take next on the basis of the 
current state.

For example, imagine a robot learning to position a needle in a 
tissue sample. The state could be the robot’s camera view, the action 
could be different ways of moving the instrument, and the reward 
might increase when the robot properly aligns the needle for a pre-
cise insertion.

In RL, the behavior of the agent is dictated by a policy π:π(a|s) = 
Pr(a|s), which means that for any given state s, the policy assigns a 
probability to each possible action a. In contrast, the environment’s 
state transition probabilities, denoted by P(s′|s, a), define the likeli-
hood of transitioning to a new state s′ given the current state s and 
the action a taken.
Value function and Q-function
The value function, denoted Vπ(s), estimates how much total reward 
the robot can gain starting from state s under policy π. The Q-function, 
Qπ(s, a), refines this idea further by estimating the total reward for 

Fig. 2. Illustrating the trend of autonomy of well-known surgical robotics as a function of the surgical approach. The x axis represents the measure of invasivness 
of the surgery, and the y axis represents the amount of robotic autonomy. In general, as surgical approaches become less invasive, the need for robotic solutions in-
creases, but the autonomous capability of those systems has not been realized. This is illustrated by the absence of highly autonomous and noninvasive robots in the 
upper right quadrant. Developments in AI are needed to fundamentally shift the development of robots such that less-invasive surgical approaches can be performed 
with increased LoAs. Each number represents a notable robotic surgical system plotted at their approximate LoA and invasiveness.
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taking a specific action a in state s (67). These functions guide the 
robot in choosing actions that ultimately yield higher accumu-
lated rewards.
Q-learning
A well-known RL method is Q-learning, which can learn an optimal 
policy without needing a detailed model of the environment (68). It 
updates its Q-function on the basis of the difference between the 
predicted reward and the actual reward received when an action is 
taken. Because Q-learning can learn from different data sources, it 
is often described as an “off-policy” algorithm. In robotic surgery, 
Q-learning could iteratively improve how an agent handles specific 
subtasks, such as maneuvering instruments around delicate tissues. 
For a surgical robot, this is particularly beneficial because accurately 
modeling the complex interactions in a surgical setting (such as tis-
sue deformation, tool-tissue interactions, and bleeding) is extremely 
challenging. Instead, the robot learns effective policies directly from 
its interactions (or simulated interactions) with the environment, 
thereby adapting to the variability and uncertainty inherent in sur-
gical procedures.

Surgical simulators
The development of surgical simulations has increased in recent years, 
with most of these simulators focusing on surgical skill tasks, such 
as picking up pegs or transferring a needle. However, more advanced 
simulators are just beginning to emerge, more closely resembling 
real surgical scenes (69–71). Simulators provide a safe environment 
for experimentation for robots. This is especially important for sur-
gical robots, where the robot is operating inside real patients who 
could be harmed if any imprecise actions are taken.

One of the pioneering platforms in this area is the da Vinci Rein-
forcement Learning (dVRL) platform (72). This platform was designed 
to help engineers without a surgical background create algorithms 
for autonomous surgery. dVRL offers two basic training tasks: a ro-
botic reach task and a pick-and-place task. A controller trained us-
ing dVRL was demonstrated to transition from simulation to actual 
robotic hardware, using a robot to suck blood in a surgical demon-
stration. Built on the Unity3D platform, which supports deformable 
objects, UnityFlexML (73) also demonstrates successful policy trans-
fer to the dVRK, similar to dVRL.

Fig. 3. Comparison of three major control techniques in robotic surgery. (A) Demonstration of model-based workflow. (B) RL workflow, with the major challenge be-
ing translating learned policy from simulation to real hardware. (C) IL workflow, with the main challenge being collecting data to perform imitation. (D) Comparison of the 
positive and negative factors of each technique.
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LapGym (74) is an RL environment that offers a diverse range of 
tasks for developing and testing automation in laparoscopic surgery. 
This platform covers skills like spatial reasoning, manipulating and 
grasping deformable objects, dissection, and thread manipulation. 
It presents a variety of image-based learning challenges and sup-
ports multiple data formats like RGB (red, green, blue), depth, point 
clouds, and semantic segmentation. CRESSim builds on PhysX (75) 
and enables the simulation of several surgical features, such as soft 
tissue and body fluids (70), focusing on photorealism. SurRoL (76) 
is an open-source RL-focused simulation platform, compatible with 
the dVRK like its predecessors. It provides environments for differ-
ent components of the da Vinci system and multiple arms and has 
been shown to transfer to real-world dVRK problems, such as sim-
ple pick-and-place and point tracking. Last, Surgical Gym (69) and 
ORBIT-Surgical (71) are open-source graphical processing unit 
(GPU)–based RL environments that support several surgically rel-
evant training tasks. These works focus on making the simulator 
more efficient, which made training data much more accessible than 
previously possible using a GPU-based physics simulator. Overall, 
this platform (69) demonstrates between 100 and 5000 times faster 
training times compared with previous surgical learning platforms 
(70, 76). Simulation-based RL methods provide rapid policy de-
velopment by enabling the exploration of a wide range of scenarios 
in a safe, virtual environment; however, the sim-to-real gap remains 
a challenge because of simplified physical dynamics and limited 
photorealism.

Challenges with simulation-based learning
The simulation-based RL approach has many challenges that pre-
vent it from being used in certain fields, particularly in surgery. One 
of the greatest challenges thus far is the current design of simulators. 
Now, most simulators are also not capable of capturing properties 
that are reflective of the real world in a phenomenon referred to as 
the sim-to-real gap (77–79).
The sim-to-real gap
Although simulations can be highly detailed and realistic, they in-
evitably cannot match certain aspects of real-world complexity. This 
gap leads to models that perform well in simulation but fail to gen-
eralize to real-world conditions (78–80). There are two primary ways 
in which simulators will not match reality: physical dynamics and 
photorealism (80, 81). Physical dynamics in simulations are gener-
ally a simplified version of real-world physics. Elements like tissue 
elasticity, complex tool-tissue interactions, and bleeding are not ac-
curately captured. The visual accuracy, or photorealism, of simula-
tions also falls short of real-world environments (81). Fluid light 
reflection, tissue texture, and bleeding under varying conditions are 
difficult to replicate precisely (33). This is particularly problematic 
for tasks that require precise visual input, such as complex manipu-
lation tasks encountered during surgery.

Some works have focused on crossing the sim-to-real gap with 
surgical robots for physical dynamics, such as for grasping tissue 
(82), online registration (83), and pose estimation (84). Other works 
have considered using intermediate visual representations, such 
as segmentation maps, which do not vary substantially between 
simulation and reality, to perform blood suctioning tasks (33). A 
few works have achieved direct simulation-to-real hardware transfer 
using RGB visual inputs for rigid (85) and soft-body (80) manipu-
lation tasks.

Imitation-based autonomy
Imitation-based autonomy in surgical robotics takes inspiration 
from how human surgeons learn and refine their skills. Just as junior 
surgeons observe and emulate the techniques of experienced sur-
geons, models can also be trained to mimic the actions of expert 
surgeons. This approach involves capturing the movements, decision-
making processes, and techniques of skilled surgeons as they per-
form the procedures.

One approach to this technique is IL (86–88). In IL, robots are 
trained on datasets of recorded surgical procedures by expert sur-
geons. These datasets contain rich information about tool move-
ments, tissue interactions, and decision points throughout various 
surgical tasks (89–91). By learning from these data, robotic systems 
can develop policies that aim to replicate expert-level performance 
across a range of surgical scenarios (86).

One of the main advantages of imitation-based over reward-based 
learning is that this method can often bypass the need for a highly 
accurate simulator, thereby avoiding sim-to-real issues. In addition, 
IL can potentially adapt to different surgical styles, because it can be 
trained on demonstrations from multiple users with diverse behav-
iors (92). However, this approach also faces challenges, such as the 
need for large, high-quality datasets of surgical demonstrations and 
the potential to replicate suboptimal behaviors if present in the train-
ing data. In the next section, we provide background of two major 
techniques in IL and discuss specific examples from prior work.

Overview of imitation learning
IL can be particularly valuable in surgical contexts where defining 
explicit reward signals is challenging because the desired behavior 
is complex. IL can be considered a form of supervised learning, 
with the surgeon acting as the expert, which the model must learn 
to imitate.

The core concept of IL involves learning a policy that maps states 
to actions. The states can often be defined as visual observations of 
the surgical scene (e.g., images from an endoscope) or sensorimotor 
information (e.g., current effector pose of the robot arms) (86, 93). 
Actions can often be defined as desired goal poses that the end effec-
tors must reach (86, 93). The primary objective is to develop a policy 
that accurately replicates the expert surgeon’s decision-making pro-
cess on the basis of a dataset of state-action pairs. There are two 
main approaches to IL: direct imitation, which learns to replicate the 
expert’s policy by outputting similar commands given the same state, 
and indirect imitation, which learns a reward function that captures 
the expert’s behavior.

In IL, the learning objective is typically formalized as minimiz-
ing a loss function. A common example is the mean-squared error, 
which measures the difference between the learned policy’s output 
and the expert’s action for each state in the demonstration dataset 
(86, 93).
Behavior cloning
Behavior cloning (BC) is a direct approach to IL that closely aligns 
with supervised learning principles. It involves training a policy 
function from a dataset of expert demonstrations. The optimization 
problem in BC aims to minimize the difference between the learned 
policy’s actions and the expert’s actions across all demonstrations.

BC faces several challenges in surgical robotics. The trained pol-
icy may encounter states not present in the training set, leading to 
potentially unpredictable behavior. This is particularly problematic 
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when the demonstrations come from sequential states and actions, 
resulting in a mismatch in distributions between the learned policy 
and expert demonstrations (94). Creating a comprehensive dataset 
often requires manually collecting data over many possible set of 
states, which can be labor intensive.

To address this challenge, a common approach is to implement 
some form of DAgger (Dataset Aggregation) (94–96), a procedure 
where the operator corrects the policy mistakes at the time of de-
ployment and the corrections become part of the training dataset. 
Over several iterations of this procedure, the amount of intervention 
decreases and the policy performance improves.
Inverse reinforcement learning
Inverse reinforcement learning (IRL) (97) is another approach to IL 
that aims to deduce the underlying reward function that the expert 
surgeon is assumed to be optimizing. This approach offers several 
advantages: It provides insight into the reasons behind expert be-
havior, it can accommodate suboptimal expert demonstrations, and 
it allows for differences in robot-surgeon dynamics or capabilities. 
IRL typically assumes a parameterized reward function, often as a 
linear combination of nonlinear features.

IRL faces several challenges in surgical robotics. Multiple reward 
functions can often explain the same set of expert demonstrations, 
leading to ambiguity. IRL methods often operate under the assump-
tion that the expert’s behavior is optimal, which can be problematic 
when human surgeons exhibit suboptimal or inconsistent behavior. 
In addition, IRL methods need to be scalable to complex surgical 
environments and capable of generalizing from limited data.

Imitation learning in surgery
Thus far, IL approaches with surgical robots (91) are generally per-
formed either in simulation or on tabletop tasks, such as fundamen-
tals of laproscopic surgery (FLS) tasks. These environments provide 
a controlled setting that allows for the detailed capture and analysis 
of model behaviors, which are essential for model development 
(Fig. 4). Below, we discuss examples of relevant prior works.

Simulation
In simulation, IL methods have been used to enable surgical robots 
to refine their skills in a safe and controlled environment. Some 
works focus on IL on realistic tissue simulations, such as LapGym 
(74), which includes a gallbladder, abdominal cavity, and tissue dis-
section model. LapGym (74, 93), Orbit-Surgical (71), and SuRoL 
(76, 98, 99) have tabletop and FLS skill simulations for surgically 
relevant tasks such as peg pick-and-place and rope threading. The 
primary challenge with these methods is that they face the same 
sim-to-real challenge as the RL simulated solution.
Tabletop tasks
Outside of simulation, tabletop and FLS tasks are considered the 
first step toward teaching robots the necessary skills required during 
surgical procedures and have thus far received the most attention in 
IL. These tasks typically involve simpler operations, such as cutting, 
suturing, or manipulating tissues, which are fundamental to many 
surgical procedures.

Tanwani et al. (100) learned an embedding feature space from video 
frames by minimizing a metric learning loss (i.e., images from sim-
ilar actions are clustered while pushed away from random images), 
which was used to perform end-effector pose imitation. In work from 
Kawaharazuka et al. (101), Panda robot arms with laparoscopic attach-
ments were trained to perform peg transfer using monocular images. 
The Surgical Robot Transformer (SRT) (102) solved three challenging 
surgical tasks, including knot tying, tissue manipulation, and suture 
pick-up. Wrist cameras were used to improve performance, and a rela-
tive action representation was used to improve kinematic errors on the 
dVRK. Motion primitive diffusion was introduced by Scheikl et al. (93) 
to solve a tissue deformation problem. This method adapts motion 
primitives to existing diffusion-based techniques for gentle manipula-
tion of deformable objects. Kim et al. (103) demonstrated reliable navi-
gation to desired target points in retinal surgery by combining optimal 
control and imitation learning (104).

The primary challenge for these techniques is acquiring sufficient 
data to train an imitation policy. At the time of writing, kinematic data 

are not easily acquirable from existing surgi-
cal robots because of company regulations. 
Existing systems that are able to collect ki-
nematic data (e.g., the dVRK or adapted in-
dustrial robots) are not approved for use in 
humans; thus, it is challenging to acquire 
sufficient expert surgical data. One possible 
direction for future work is to develop an 
accurate kinematics estimator from video 
frames, as has been done in prior works 
(105, 106), that could be used to collect kine-
matic data from real surgeries. Although IL 
leverages high-quality expert demonstration 
data to replicate sophisticated surgical be-
haviors, its effectiveness is limited by the 
availability and consistency of such data; fur-
thermore, the risk of replicating suboptimal 
human actions necessitates careful curation 
and validation of demonstration datasets.
Combining imitation learning and 
reinforcement learning
RL and IL can be combined in several ways 
to leverage expert demonstrations for im-
proved sample efficiency, exploration, and 

Fig. 4. Overview training data and deployment workflows for RL and IL. (A) Imitation relies on expert demonstra-
tions, whereas (B) RL relies on randomly sampling behaviors and measuring the quality. IL suffers from the data col-
lection gap, whereas RL suffers from the sim-to-real gap.
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performance. Early methods such as (107–109) used demonstration 
data to augment standard RL algorithms. For instance, deep Q-learning 
from demonstrations (107) and deep deterministic policy gradient 
from demonstrations (108) bootstrap Q-learning and continuous 
control agents, respectively, from limited demonstration trajecto-
ries. Demonstration-augmented policy gradient (DAPG) (109) simi-
larly combines BC with on-policy optimization, showing performance 
gains on complex robotic tasks.

Offline RL approaches also benefit from combining IL-inspired 
objectives. Conservative Q-learning (CQL) (110) avoids overesti-
mating out-of-distribution actions by penalizing high Q-values on 
unseen state-action pairs, whereas TD3 + BC (111) explicitly adds a 
BC term to stabilize offline training. Related works like soft-Q imita-
tion learning (SQIL) (112) and IQ-Learn (113) reframe imitation as 
sparse-reward Q-learning, effectively prioritizing expert transitions 
in offline datasets. Beyond purely algorithmic developments, the ap-
plication of RL and IL in medical robotics has been limited, except 
one example by Keller et al. (114). In this work, the authors auto-
mated deep anterior lamellar keratoplasty on ex vivo human corneas 
using RL from demonstration (RLfD). Their findings demonstrated 
that the final trained policy not only achieved higher precision than 
that of surgical fellows but also improved consistency and accuracy 
in needle insertion depth, highlighting the potential of RLfD to im-
prove surgical outcomes.
Case studies
We focus our attention on two representative works that explored 
promising strategies in IL (102) and RL (80). SRT (102), as shown 
in Fig. 5, falls in the category of IL that demonstrated complex surgi-
cal behavior in tabletop tasks using real-world data. Specifically, SRT 
demonstrated suture knot tying, needle manipulation, and soft-tissue 
manipulation using expert demonstration data and the dVRK sys-
tem. Beyond tabletop settings, SRT showed zero-shot generalization 
of the trained models in unseen scenarios, such as knot tying on 
porcine tissues and needle manipulation on chicken tissue, although 
the models were trained using silicone suture pads only. SRT also 
addressed a fundamental issue, which involves dealing with the notori-
ous inaccurate forward kinematics of the dVRK system. Specifically, the 
dVRK joint measurements are prone to errors because of a lack of pre-
cise motor encoders, hysteresis, and overall slack and flexibility in its 
mechanism. Given that the kinematics accuracy is low, the pool of sur-
gical data collected using da Vinci systems is inevitably inconsistent, 
posing difficult challenges for robot learning. SRT showed that using 
such inconsistent kinematic data led to high failure rates, and the 
learned policies were not usable across all tasks. To alleviate this issue, 
SRT introduced tool-centric and hybrid-relative action representations, 
which enabled direct use of the inconsistent kinematic data, without 
performing further calibration or corrective steps to train a feasible 
policy. This work demonstrated promise for using large-scale ap-
proximate kinematic data for learning complex manipulation 
behaviors, which can be useful for leveraging the large repository 
of surgeon data to effectively build large-scale models for autono-
mous surgery.

Another promising work by Scheikl et al. (80), as shown in Fig. 5, 
falls in the category of RL while overcoming the sim-to-real gap to 
transfer policies trained in simulation to the real world. Specifically, (80) 
presented a pipeline that leveraged pixel-level domain adaptation 
through contrastive generative adversarial networks (GANs) to train 
visuomotor policies in simulation, which was successfully deployed in 
the real world on a dVRK without retraining. The core idea was to train 

a model in simulation using translated images that looked like real-
world images so that the sim-to-real gap was reduced when deployed in 
the real world. The study focused on the tissue retraction task, a critical 
step during tissue dissection. The proposed approach demonstrated a 
50% success rate using raw RGB images, which is a promising result for 
sim-to-real strategies. This work not only demonstrated the potential 
for using RL in complex surgical tasks but also set a precedent for effi-
cient transfer of skills from sim-to-real in robotic surgery, making RL a 
more viable tool for automating surgical tasks.
Comparison of reinforcement learning and imitation learning
RL and IL each present distinct advantages and limitations for in-
creasing robotic autonomy in surgery, as illustrated in Fig. 3. RL re-
lies on a simulator, but because simulating soft tissue deformation is 
challenging, these environments can lack realism, leading to diffi-
culties in translating robot behaviors to real patients. IL relies on 
demonstrations by expert surgeons, but if the dataset lacks variety 
or contains suboptimal demonstrations, the learned policy will fail 
to generalize or will replicate undesirable behaviors.

Safety considerations also differ. RL leverages random explora-
tion, which is infeasible in live surgical scenarios. Conversely, IL re-
produces known expert trajectories, making early deployment safer 
but potentially overlooking rare complications not present in the 
original dataset. For adaptability, RL can discover strategies that de-
viate from standard practice, whereas IL may lack the capacity to 
adapt to out-of-distribution events.

Despite these differences, it is possible to combine RL and IL into 
a hybrid framework, merging the safety and stability of IL with the 
exploratory power of RL. One promising approach is to initialize the 
robot’s policy by imitating expert demonstrations and then refine 
this policy through reinforcement.

We highlight representative performance metrics from prior IL and 
RL studies, primarily in laparoscopic settings. Kim et al. (86) used IL 
with a few hundred demonstrations per task and reported a 100% suc-
cess rate in a needle pickup task and 90% in a knot tying task. In (81), an 
RL approach using proximal policy optimization (115) achieved 100% 
success in reaching tasks and 90% in rigid object manipulation. Simi-
larly, Scheikl et al. (93) reported 78.6% success in rope manipulation 
and 99% in general object manipulation using diffusion models. These 
results suggest that, with sufficient data and in relatively simple tabletop 
environments, learned policies can consistently achieve 80 to 90% suc-
cess rates in nontrivial manipulation tasks.
Control strategies
Cable-driven surgical robots are susceptible to hysteresis and back-
lash, which cause non-negligible kinematic errors (116). Although 
hand-eye calibration can compensate, it often requires repeated, im-
practical recalibration for different tools in time-sensitive settings 
(117–119). One strategy is online calibration; Li et al. (120) used a 
particle filter fusing kinematic priors with visual features to estimate 
tool pose in real time, even in deformable environments, while ac-
counting for uncertainty. A simpler alternative avoids absolute kine-
matics altogether. In (86), policies used relative motion commands, 
enabling robust control where the robot continuously refined its 
motion with visual feedback instead of seeking a fixed, potentially 
inaccurate spatial target. For instance, a relative-motion policy can 
iteratively adjust a needle grasp, whereas an absolute policy might 
repeatedly fail because of kinematic drift.
Sensors used for autonomous surgical AI
Sensor technology is an important component of autonomous sur-
gical systems. High-resolution imaging sensors—most commonly 
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dual-camera stereoscopic endoscopes (86, 90)—provide the raw RGB 
data and coarse disparity cues that current learning algorithms rely on. 
In addition to vision, a variety of other sensors—including force-torque 
sensors (121) and tactile sensors (122, 123)—provide real-time feed-
back on tool-tissue interactions. The integration of these multimodal 
sensor streams enables precise depth perception, improved situational 
awareness, and adaptive control in dynamic surgical environments.

Nonetheless, today’s vision and depth-sensing stack remains the rate-
limiting step for reliable 3D understanding in vivo. Stereo endoscopes 
produce noisy disparity maps beyond a few centimeters and fail in 
specular or blood-covered regions. Time-of-flight and structured-
light probes suffer from multipath interference inside fluid-filled 
cavities, whereas photometric methods are confounded by smoke, 

glare, and tissue translucency. Existing 
reconstructions therefore drift, exhibit 
zipper artifacts, or collapse entirely when 
the scope pivots or the scene deforms. 
These shortcomings motivate algorithms 
that jointly reason over geometry, appear-
ance, and instrument motion—for ex-
ample, learning-based monocular depth 
estimation, differentiable simultaneous 
localization and mapping (SLAM) that 
fuses frame-to-frame geometry with 
kinematic priors, and neural implicit sur-
faces that update in real time. Pioneering 
systems such as STAR demonstrated sub-
millimeter 3D point-cloud overlays yet 
required a rigidly mounted scope and 
precalibrated lighting; next-generation 
methods must generalize across freehand 
endoscope motion, variable illumination, 
and occlusions.

Despite these advances, reliable per-
ception in a live operating room remains 
notoriously difficult. Blood splatter, tis-
sue debris, and smoke plumes can occlude 
critical anatomy, whereas irrigation and 
insufflation introduce dynamic light-
ing changes and airborne particulates 
that confuse vision pipelines (124–126). 
State-of-the-art systems therefore fuse 
physics-based data augmentation, domain-
randomization techniques that vary light-
ing and optical properties during training, 
and multispectral or polarization imaging 
to increase resilience (126–128). Learning-
based artifact detection modules can iden-
tify active bleeding or smoke and trigger 
adaptive exposure, suction, or complemen-
tary sensing to preserve situational aware-
ness (129, 130). Recent demonstrations 
of autonomous blood-clearing suction and 
robust sim-to-real transfer with aggres-
sive camera lighting randomization il-
lustrate practical pathways to overcoming 
these perception challenges (54).

THE FUTURE OF AI IN ROBOTIC SURGERY
Now, the primary approach in robot learning has been to try and 
solve task-specific goals that address individual challenges, such as, 
in surgery, autonomous suturing or needle pick-up. Recent develop-
ments, however, have trended toward high-capacity models that 
showed major improvements in performance when trained on ex-
tensive, diverse, and nonspecific imitation datasets (131–135). These 
models excel in adapting to new environments, a capability that 
grows with increases in data volume and model complexity (133).

This approach differs from what has been done with surgical ro-
bot systems, which depend on data-driven learning and have pro-
gressed more slowly compared with other areas in robotics. This 
delay can be attributed to a few key issues: the scarcity of large, C
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Fig. 5. Examples of two surgical systems that were successfully deployed on hardware. (A) Policy that was 
trained in simulation and used an image translator to synchronize simulation frames with real data. (B) Policy that 
used IL via an action chunking transformer to mimic surgical trajectories.
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open-source datasets for training, challenges in modeling the soft-
body deformations encountered during surgeries, and the increased 
risk of patient injury during clinical trials, which calls for stricter 
safety protocols (60). Although small task-level imitation policies 
with open datasets have been achieved (136, 137), there does not 
exist a larger repository of data to date. As suggested by new ad-
vances in robotics, a path toward improving the autonomy of surgi-
cal robots could be through the development of a large, multimodal, 
VLA model specifically for surgery.

In this section, we outline an approach toward building an “AI 
robotic surgeon” (Fig. 6) by first building a vision-language model 
for surgery trained on medical text and image content all the way 
from premedical studies through surgical residency. This model 
could then be trained using IL on kinematic data from surgical skills 
training, animal surgeries, and full-human surgeries. Last, this 
model could continually improve with experience. Below, we de-
scribe these ideas in depth.

Building a foundation for language in surgery
VLAs are typically built using language models as the foundation for 
further training (65, 138). Common foundations for language models 
include Llama 2 (139), Vicuna (140), and PaLM-E (141). These models 
are trained to imitate text from trillions of “tokens” (chunks of words), 
which represent human-generated natural language through a process 
called next-token prediction (142). This trained model is then often 
fine-tuned on instruction datasets (e.g., question-answering) in a pro-
cess called instruct tuning (143–145). Because most VLAs are just per-
forming household tasks involving common objects, now, the language 
models serving as the foundation of VLAs do not present issues for 
learning the task. However, building a VLA that can perform surgical 
operations introduces unique challenges.

The likely first step toward building an AI-based robotic surgeon 
would be training a language model on the same information that sur-
geons must understand before entering practice, such as a comprehen-
sive medical curriculum from premedical training all the way through 
passing surgical board exams (Fig. 6). Such a model would have an un-

derstanding of both medical and surgical 
terms that would be important for un-
derstanding and performing surgery. Cur-
rently existing surgical language models 
have thus far focused on task-specific 
optimizations and lack a comprehensive 
understanding of broader concepts in bi-
ology, medicine, and even academic sur-
gery (such as textbook question-answering) 
(146, 147).

VLA models in robotics
VLAs represent a substantial shift from tra-
ditional task-specific robotics, integrating 
visual perception, language understanding, 
and action generation into a unified frame-
work for more flexible systems (131–135). 
Typically based on large-scale transform-
ers, VLAs are trained on diverse datasets of 
robot demonstrations with language in-
structions. Their key innovation is pro-
cessing multimodal inputs—like images 
and text commands—to directly output 
low-level control actions in an end-to-
end manner.

VLAs show impressive generalization 
to tasks not seen during training. With 
a large enough dataset, the model learns 
general correlations between language, 
vision, and action spaces, avoiding over-
fitting. For example, a robot can interpret 
an instruction like “find me a drink that 
will energize me” and retrieve an energy 
drink without explicitly training on that 
particular command (133).
VLAs in robotic surgery
Now, there do not exist any general-
purpose VLAs in robotic surgery. How-
ever, the potential of VLA models in 
surgical robotics is particularly promis-
ing for a number of reasons (60). There are 

Fig. 6. Outline of the AI robotic surgeon. A language model is trained via next-token prediction and instruct tuning 
on the same information as surgeons all the way up through surgical residency. A VLA model is then trained via IL on 
surgical skills (e.g., suture pads), animal surgeries, and full human surgeries. Last, the model continually improves 
through experience using RL.
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already thousands of experts collecting teleoperated surgery data that 
could be used for imitation around the world every single day. In addi-
tion, surgical robots do not face the same limitations as mobile robots 
and readily support intensive onboard computers, which increases the 
potential capacity of VLA model size. By training on large datasets of 
surgical demonstrations paired with expert annotations, these models 
could potentially learn to interpret complex surgical scenarios and gen-
erate appropriate actions beyond human capability.

However, challenges remain in applying VLAs to surgical ro-
botics. These include the need for large, high-quality datasets of 
annotated surgical procedures, ensuring safety and reliability in 
high-stakes medical environments, and addressing the interpret-
ability of model decisions.

Measurable safety
One of the primary capabilities that would need to be embedded in 
a surgical robot is the ability to recognize its own limitations during 
a surgical procedure and appropriately divert control back to a hu-
man surgeon. This need arises particularly in scenarios that are not 
covered by the robot’s training, necessitating intervention by a hu-
man. Unlike in conventional engineering, where potential problems 
are exhaustively tested by simulating every conceivable scenario, the 
unpredictable nature of surgical procedures makes such compre-
hensive preparation impractical. Consequently, surgical robots must 
be designed with the capability to handle previously unencountered 
situations. Robots, particularly in their early developmental stages, 
cannot be expected to adapt at a level comparable to that of hu-
man surgeons.

To mitigate these issues, one potential approach is to use the 
reinforcement-based technique called CQL (110, 148), a method 
that trains the robot to steer clear of situations not present in their 
training data. CQL focuses on developing a conservative estimate of 
value functions to avoid overestimation, which is common in offline 
deep RL. This method has been successfully applied in some robot 
transformer architectures, which was shown in a demonstration 
where the robot asked for clarification with ambiguous instructions. 
An alternative method, conformal prediction (149, 150), offers an-
other solution by providing a range of probable outcomes for each 
decision, thus informing users of the associated uncertainty levels. 
This method splits incoming data into a training set and a calibra-
tion set, with the latter fine-tuning the confidence levels for predic-
tions. Both CQL and conformal prediction, if integrated, could be 
crucial in enabling surgical robots to avoid risky scenarios and defer 
to surgeons when necessary.

Adversarial robustness is critical because of vulnerabilities in 
complex AI models, particularly in perception (151). Adversarial at-
tacks, via subtle perturbations to sensor inputs, can cause misclas-
sifications or faulty predictions by the AI model, leading to erroneous 
robotic actions (152, 153). Mitigating these threats requires robust 
model training techniques, secure data pipelines, and run-time 
monitoring (154). The necessary hardware and software architec-
tures must work in symbiosis to ensure both high-performance 
computation and verifiable safety. This involves integrating special-
ized hardware like AI accelerators and secure processing units with 
safety-certified software stacks, which may use real-time operating 
systems, hypervisors for a mixed-criticality approach, and securely 
containerized environments for deploying AI models (155). Formal 
verification methods are also important for demonstrating system 
integrity and reliability.

The role of regulation in AI-based surgery
Understanding and developing a framework for regulatory approval 
for AI in surgery will be essential to ensure the proper testing, evalu-
ation, and compliance of an AI system to prioritize and maintain 
patient safety and efficacy in the operating room. The FDA has seen 
an exponential increase in the number of regulatory submissions 
related to AI medical devices in recent years, rising from only six 
approved devices in 2015 to more than 200 devices in 2023 alone 
(156). This trend has been driven by more connected devices, more 
commercial investment in technology, and a growing familiarity of 
how software can be regulated as a medical device. Today, the FDA 
has approved more than 950 AI-based products, but most of these 
products are related to signal and image processing, such as Siemens 
Healthineers’ AI-Rad Companion (157), which provides qualitative 
and quantitative information of clinical images, and Digital Diag-
nostics’ LumineticsCore (158), which analyzes images to detect dia-
betic retinopathy.

As AI becomes a decision-making platform in surgery, new reg-
ulatory oversight is needed. In January 2025, the FDA released draft 
guidance for AI-enabled medical devices, addressing transparency, 
bias, and product design (159). The FDA is adopting a total product 
life cycle approach, meaning that AI devices must meet regulatory 
standards throughout their entire life span, not just at initial approv-
al. To manage evolving AI models, the guidance introduces prede-
termined change control plans, which allow companies to predefine 
software updates without seeking new clearance for each change, 
streamlining the regulatory process.

The guidance also mandates transparency, requiring clear expla-
nations of how AI systems make decisions to build trust among cli-
nicians and patients. Furthermore, the FDA emphasizes that models 
must be tested across diverse populations to avoid bias and ensure 
equitable outcomes. The adoption of these regulations will require 
input from the medical device community, and feedback from key 
opinion leaders is paramount to ensure that AI regulation is man-
aged efficiently by both industry and government to guarantee safe 
and effective AI-driven systems for the future.

Barriers to entry, clinical deployment, and 
integration challenges
Limitations in today’s regulatory process are a rate-limiting step in 
adopting AI surgical robots. New FDA guidance mandates a total 
life cycle policy, requiring perpetual oversight, validation, and post-
market surveillance. To successfully market AI devices, manufactur-
ers must engage the FDA early, develop well-defined predetermined 
change control plans that outline software validation, and ensure 
robust postmarket surveillance protocols.

To limit market entry barriers beyond regulatory clearance, com-
panies will likely introduce AI systems in a graduated fashion. For 
instance, Intuitive Surgical released AI software that operates in the 
background, analyzing system data to create objective insights for 
surgeons. Because the AI only analyzes data and leaves decision-
making to the surgeon, it is easier to regulate and deploy. This trend 
is already unfolding with Moon Surgical’s Maestro system, an AI-
based laparoscope holder that received the first FDA clearance for 
an intraoperative AI application. Because the task does not interfere 
with a surgeon’s workflow, it reduces barriers to clinical adoption. If 
successful, other companies will likely follow this approach, slowly 
building a new infrastructure where AI-based tasks in the operating 
room become common.
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Beyond regulatory and workflow considerations, the clinical 
translation of autonomous surgical robots faces substantial institu-
tional hurdles, including determining potential liability. Hospitals 
must invest in infrastructure upgrades, including robust data man-
agement systems, high-performance computing, and potentially re-
designed operating rooms. Integrating these systems into established 
workflows requires careful planning; adaptation of team roles; and 
comprehensive training for surgeons, nurses, and technicians. Fur-
thermore, system maintenance, software updates, specialized ster-
ilization protocols, and overall cost-effectiveness will be critical 
factors influencing widespread adoption and accessibility.

Acquiring surgical datasets
Surgical video data are extensively available from various proce-
dures, including cataracts (160, 161), neurosurgery (162), and cho-
lecystectomy (163–165). There are also data accessible from general 
manipulation skills like peg transferring with laparoscopic tools 
(137, 166, 167). In addition, public platforms like YouTube host nu-
merous surgical videos, with one curated dataset containing 2000 
open-surgery demonstrations (168). Despite all of these open data, 
acquiring data for large-scale surgery projects remains challenging, 
primarily because of patient privacy concerns and the typically 
small sample sizes in medical studies.

Recent collaborative efforts in general robotics have shown prom-
ise in overcoming these data limitations. A project involving 21 insti-
tutions assembled a dataset to train a large-scale RT model capable of 
controlling multiple robots across diverse tasks (169). This work 
demonstrates the potential for high-capacity models to improve with 
increased data, even beyond their expected applications. However, 
replicating such large-scale data collection in surgical settings poses 
challenges. Successful large-scale collaborations in medicine suggest 
that realizing a surgical VLA would require extensive data sharing 
and open collaboration among universities, industry, and hospitals.

CONCLUSION
AI and robotics are enabling surgical autonomy, with the potential to 
improve outcomes and expand access to care. Surgical robots with 
built-in autonomy present a promising solution to current challenges, 
offering the potential to improve efficiency, safety, and consistency in 
surgical procedures.

We divide current research focuses into two primary AI approaches: 
simulation-based learning using RL techniques and imitation-based 
learning that aims to replicate expert surgeon behaviors. Although 
both approaches show promise, they face considerable challenges. 
Simulation-based methods struggle with the sim-to-real gap, where 
models trained in simplified virtual environments may not translate 
effectively to real-world surgical scenarios. Imitation-based learning, 
although potentially more adaptable, requires extensive high-quality 
datasets of expert demonstrations and may inadvertently replicate sub-
optimal behaviors.

A path toward improving the autonomy of surgical robots could 
be through the development of large, multimodal VLAs specifically 
for surgery. These models integrate visual perception, natural lan-
guage understanding, and action generation into a unified frame-
work. Challenges remain in applying VLAs to surgical robotics, 
including the need for large, high-quality datasets; ensuring safety 
and reliability in high-stakes medical environments; and addressing 
the interpretability of model decisions. A primary capability for a 

surgical robot is the ability to recognize its own limitations during a 
procedure and appropriately divert control back to a human sur-
geon. As the field moves forward, it will be essential to maintain a 
balance between technological innovation and patient safety, ensur-
ing that the development of autonomous surgical robots ultimately 
leads to improved patient outcomes and increased access to high-
quality surgical care worldwide.
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