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Most medical robots depend on human operators for sensing, decision-making, and action during procedures.
Future progress depends on enabling robots to take on these capabilities. Although learning-based approaches
provide remarkable promise toward achieving this goal, notable challenges must be addressed to unlock these

robots’ full potential in clinical settings.

INTRODUCTION

Medical robots have been in clinical use for
more than a quarter of a century, but the num-
ber of robots deployed remains limited com-
pared with their widespread integration in
other industries. Although the largest medical
robotics firm, Intuitive Surgical, has sold ~7500
robots over 30 years performing 17 million
cumulative surgeries (1), this is dwarfed by the
15 million traditional laparoscopic procedures
performed annually (2) and pales in compari-
son with the more than 1 million autonomous
robots deployed by Amazon (3), where robots
handle more than 1 billion packages per year
(4). Why the disparity? Industrial robots lever-
age autonomy to augment productivity, where-
as most surgical robots serve as teleoperated
extensions of the surgeon.

So why not just automate medical robots?
The challenge is that the classical tools used to
implement autonomy only work for tasks that
are simple and highly structured. Outside of
medicine, successful robotic automation of-
ten means adapting the product and process
to match these limitations—not just trying to
make a robot do exactly what a human would
do. This involves simplifying the task motions
and minimizing the sensing and modeling
requirements. For example, in warehouse au-
tomation, because it is challenging to pick up
individual parts from a bin, warehouse robots
often pick up shelves and follow grid lines on
the warehouse floor to carry them to a hu-
man packing the boxes (5). As a second ex-
ample, products to be assembled by robots
are designed with snap-fit connectors instead
of screws to simplify assembly motions.

In medicine, it is not possible to redesign
the patient, and it is risky to radically change
surgical techniques that have been developed
over many decades. Consequently, existing
examples of medical robot automation cor-
respond to procedures that naturally fit the
capabilities of classical autonomy. Noncon-
tact procedures, comparable to a robot paint-
ing a car, are one such category. For example,
the Accuray Cyberknife is an automated ra-
diosurgery robot that moves around the pa-
tient delivering radiation to an internal tissue
target on the basis of a precomputed plan (6).
As a second example, in automated corneal
flap creation and reshaping during LASIK
(laser-assisted in situ keratomileusis), a ro-
botic laser follows preplanned programs that
compensate for eye motion.

Tasks requiring simple interactions with
tissue can also be automated. An example is
the automated selection and harvesting of fol-
licular units for subsequent transplant during
hair restoration (7). A third category of pro-
cedures amenable to automation is those that
involve reshaping hard tissue in a manner
comparable to computer numerical control
machining. For example, in hip and knee re-
placement, robots with bone milling tools are
used to create the cavities for the implants.
Unlike the previous examples, these systems
use shared autonomy, with the clinician hold-
ing the robot arm and guiding it through its
motions (8). The robot prevents the clinician
from moving outside the preplanned cutting
zone, which enables milling bone cavities
with higher accuracy than can be achieved
by hand.
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Up to the present, extending automation
to more general surgical tasks has proven
daunting because classical automation tools
depend on deriving accurate and computa-
tionally efficient models of the system to be
automated. Although such models are feasi-
ble for milling bone, it is much more chal-
lenging to accurately model the grasping and
cutting of soft tissue in real time. The recent
introduction of learning-based methods is
transformative because these methods enable
handling higher levels of complexity without
necessitating analytical models of the under-
lying processes.

THE STRUCTURE OF AUTOMATION

To understand how learning-based methods
can affect medical robot autonomy, Fig. 1
compares teleoperation, classical autonomy,
and learned autonomy. Autonomy itself can
be defined as a cycle of three modules: sense,
think, and act (9), which are in some fields
also called perception, planning, and control
(10, 11). In this cycle, the sense module per-
forms state estimation—building a descrip-
tion of the current condition of the robot,
patient, and procedure from sensor data. On
the basis of this perceived state, the think
module interprets the current state descrip-
tion in the context of the procedural plan and
decides what the robot should do next. The
act module converts proposed actions into
the associated robot motor commands.

In teleoperation (Fig. 1A), the human
operator is responsible for carrying out the
sense-think-act cycle. They interpret real-
time imaging to ascertain the spatial relation-
ship between the robotic instruments and
anatomy. On the basis of this understanding,
the operator mentally plans subsequent ac-
tions and anticipates their outcomes. They act
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by manipulating the input devices of the sur-
gical console to command the robot’s tool
movements. The only automation consists of
low-level physics-based models used by the
sense and act modules for robot state estima-
tion and motion control.

In classical automation (Fig. 1B), most of
the thinking occurs in the preprocedural plan-
ning phase. Here, the clinician uses graphical
software running optimization algorithms to
develop a procedural plan. Intraoperatively,
the role of the think module is limited to small
adjustments in the plan, e.g., to account for pa-
tient motion. The human operator is no longer
responsible for intraoperative sensing and ac-
tion. Instead, these modules use conventional
image and signal processing, analytical kine-
matic and dynamics models, and control theo-
ry. An exception is orthopedics, where the
human operator moves the cutting tool collab-
oratively with the robot.

In learned autonomy (Fig. 1C), some or
all of the hand-engineered algorithms of the
sense-think-act cycle are replaced with data-
driven, learned components. Alternatively, a
single end-to-end learned model may be used
that maps sensor inputs directly to control out-
puts [e.g., PilotNet for autonomous driving
(12) or recent large-scale robotics initiatives,
such as the m, vision-language-action model
(13)]. A currently popular approach is to use
separate, learned think and act modules that
operate hierarchically at different time hori-
zons [as proposed in (14)]: A fast (>100 Hz)
reactive policy (system 1) serves as the act
module, whereas a slow (<10 Hz) reasoning
policy (system 2) serves as the think module
[e.g., Figure Helix (15) and NVIDIA GROOT
(16)]. Although classical autonomous system
modules communicate using physical repre-
sentations (e.g., positions, distances, and veloci-
ties), learning-based modules communicate via
information-rich vectors embedded in a self-
learned latent space. Using decoders and en-
coders, these representations can be converted
to and from natural language and graphical rep-
resentations to enable human interpretability
and oversight. The clinician retains a critical
supervisory role, reviewing and validating the
diagnosis and proposed navigation plan, mon-
itoring procedural progress, and issuing correc-
tive instructions as needed through a natural
language interface.

THE CHALLENGES OF LEARNED
AUTOMATION

Replacing classical, model-based control with
learned autonomy alleviates the burden of
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precise system modeling and identification,
which can be infeasible for complex scenarios.
However, it also introduces substantial chal-
lenges inherent to data-driven methods. De-
veloping and deploying learned systems
within the safety-critical context of medicine
necessitate addressing several fundamental
challenges around data, operational robust-
ness, human-robot collaboration, and safety.

Data: Quality, diversity, and volume

In learned autonomy, engineering complex-
ity shifts substantially from explicit system
modeling toward collection, labeling, and cu-
ration of datasets for training and evaluation.
Learned methods generate input-output map-
pings entirely on the basis of training data;
therefore, data quantity must be sufficient to
capture task complexity, data quality must en-
sure that the mapping accurately reflects sur-
gical reality, and, perhaps most critically, data
diversity must be adequate for robust general-
ization and safe handling of less common but
clinically important scenarios (e.g., anatom-
ical variations). Generating such data pres-
ents major challenges. Simulation can yield
large data volumes (both for training and
testing) but often struggles with the sim-to-real
gap (17), where a mismatch between the real
and synthetic data distributions degrades
system performance. Expert demonstrations
used for imitation learning can provide high-
quality data, but acquiring and annotating a
sufficient volume and diversity of expert be-
haviors are capital intensive.

A promising strategy to reduce the data
demands of learned autonomy is to leverage
large-scale pretrained foundation models
[e.g., V-JEPA 2 (18), GROOT (16), and my (13)].
Trained on internet-scale, multimodal datas-
ets, these models can potentially be fine-tuned
for specific clinical applications with substan-
tially reduced data requirements. The effective-
ness of this approach can be amplified through
open-sourcing high-quality clinical datasets
[such as SurgVU from Intuitive Surgical (19)],
which not only enable broader participation by
the research community but also provide the
domain-specific data needed to adapt founda-
tion models to the surgical setting.

Beyond initial model training, deployed
systems must support mechanisms for continu-
ing improvement. Data feedback loops—such
as systematic logging of system disengage-
ments (e.g., because of human operator inter-
vention), retries, or failure events—can drive
the creation of targeted datasets that improve
model robustness, particularly in rare or com-
plex clinical scenarios. This paradigm mirrors
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strategies used in autonomous driving (e.g.,
Teslas fleet learning) but poses unique chal-
lenges in the clinical domain, particularly with
respect to safe system disengagement, ensur-
ing patient privacy, and facilitating secure data
sharing across institutions.

Handling edge cases: Adaptability,
reasoning, and fallback strategies

Given that collecting data for every conceiv-
able eventuality (i.e., “infinite data”) is impos-
sible because of the long tail of such events,
autonomous systems will end up in states that
were not observed in the training data. This
is especially critical in sequential decision-
making tasks such as robotics, where initial er-
rors compound over time, potentially driving
the system progressively further outside its
training manifold and into unfamiliar states,
where system behavior is undefined—a prob-
lem known as covariate shift (20). Although
increasing data diversity aims to reduce unfa-
miliar long-tail events, a direct approach to
enhancing safety involves the learned system
actively monitoring its inputs and state to rec-
ognize whether it is operating inside or outside
the distribution of its training data. Current
research explores methods like uncertainty
estimation using Bayesian neural networks or
model ensembles, measuring latent space
distance or reconstruction error from auto-
encoders, or using other anomaly detection
techniques to quantify state familiarity (21, 22).
Upon detecting a potential out-of-distribution
state, the system needs strategies to safely re-
cover if possible or to actively request human
intervention or guidance. This is not just a
challenge in medical robotics but in machine
intelligence in general.

Complementing these technical approaches
for detection and response, a pragmatic
strategy for mitigating risks, particularly as
learning methods mature, involves carefully
selecting initial automation targets. Focusing
early efforts on less complex procedures or well-
defined subtasks—perhaps using robots and
tools requiring simpler sensing and control—
can limit the risks or the probability of the
system facing novel long-tail events. This mir-
rors evolutionary trends in medical device
development, where the implementation of
minimally invasive approaches has led to the
development of tools and devices requiring
fewer and simpler motions to deploy, e.g., sta-
plers replacing needle and suture, endovas-
cular stents replacing vascular grafts, and
transcatheter heart valves replacing surgical
valve implantation. Such an incremental ap-
proach, starting with lower-complexity tasks,
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Fig. 1. Evolution of medical robot automation. Medical procedures comprise two distinct phases: preprocedural planning
and intraprocedural operation. Autonomy emerges from the ability to repeatedly sense, think, and act (9) during intraproce-
dural operation. With increasing autonomy, the distribution of sense-think-act responsibilities shifts progressively from human
to machine, expanding the repertoire of automated medical procedures. (A) Teleoperation. Most medical robots today are tele-
operated, only capable of mimicking the motions of a human operator through low-level sensing and actuation. The human
expert receives sensory data about the surgical environment (“sense”); on the basis of their perception and knowledge of the
patient, they formulate a strategy for carrying out the medical procedure (“think”) and issue commands to the robot by manipu-
lating input devices (“act”) that the robot executes through a physics-based controller. (B) Classical autonomy. Current imple-
mentations of autonomy target simple-to-model procedures and use non-Al algorithms. Robot and patient states are estimated
using physics-based models and traditional image processing.“Think” adapts the preoperative plan to disturbances such as re-
spiratory movement using model-based optimization, and the motion plan is converted into low-level motor commands using
physics-based kinematic and dynamic robot models, with the clinician supervising or sharing control. Applications of classical
autonomy are limited by the need for accurate analytic models of the robot, patient, and procedure. (C) Learned autonomy. Fu-
ture learning-based automation targets procedures for which classical model-based methods fail. Learned perception encodes
multimodal sensor inputs and medical images into latent representations; a learned reasoning policy generates long-horizon
task-oriented plans in the latent space, which are then refined into short-horizon, high-frequency motion commands by a
learned reactive policy. The motion commands are converted into low-level motor commands through either a classical or
learned model of the robot. Human expert supervision is enabled by decoding the system’s latent space into human-interpretable
formats and allowing the expert to collaborate with the system, either through language instructions or direct teleoperation

commands through a physical interface.
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may facilitate safer adoption of au-
tonomous systems and progressively
expand their capabilities.

Collaborative autonomy,
explainability, and trust

Medical robots will likely function as
collaborative partners for the foresee-
able future. Therefore, a core chal-
lenge is defining effective mechanisms
for how autonomy can be safely shared
with a human operator. This requires
developing intuitive interfaces and
blending control fluidly between the
human operator and the learned sys-
tem by predicting the operator’s intent
and arbitrating it with the operator’s
input (23). For example, LINGO-2
(24) continuously provides an explana-
tion of its driving decisions in natural
language and can receive linguistic in-
structions to alter its behavior. Condi-
tions for clinicians to build trust in
these systems must be analyzed, which
may include the system communicat-
ing its perceived state of the world,
intended actions, and the constraints
it satisfied in a human-understandable
representation. Understanding why the
system proposes a particular action can
help dlinicians verify system behavior,
predict potential issues, and dictate cor-
rective actions.

Testing, verification, and
regulatory approval

Validating the safety and efficacy of
systems incorporating learned compo-
nents before clinical adoption presents
new challenges compared with tradi-
tional software. Defining adequate test
coverage across high-dimensional in-
put spaces (e.g., surgical video), de-
termining the correct outputs and
appropriate target metrics for test pro-
cedures, and making tests repeatable
are notable hurdles. Diverse and well-
curated datasets, standardized bench-
marking suites, and metrics that
correlate with end-to-end performance
are necessary for objective evaluation
and comparison of different approach-
es. Examples from autonomous driv-
ing are the Waymo Open Dataset (25),
nuScenes (26), and the CARLA simu-
lator (27). Applying verification meth-
ods such as input fuzzing to neural
networks remains challenging because
of the dimensionality of inputs (28).
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Developing standardized testing and veri-
fication methods will provide regulatory
bodies with the tools to effectively and ef-
ficiently evaluate learning-based systems
(29). It will also lead to the creation of stream-
lined regulatory systems for incorporating
learning-based updates over the life cycle
of the system.

Regulatory frameworks typically require
software to be “locked” at deployment, where
updates to the neural network weights or
architecture would typically require a new
certification application. However, the US
Food and Drug Administration has recently
provided guidance (30) recommending that
modifications to artificial intelligence (AI)-
enabled device software functions be in-
cluded in a predetermined change control
plan, which should describe the planned Al
modifications; the associated methodology
to develop, validate, and implement those
modifications; and an assessment of the im-
pact of those modifications.

TRANSLATIONAL PATHWAY

Although learning provides the potential to
broadly extend robotic autonomy in medical
procedures, a critical question is which proce-
dures should be targeted first. The most obvi-
ous use case is procedures for which the cost of
a teleoperated robot can already be justified.
For these systems, e.g., laparoscopic robots,
autonomous functionality can be added over
time in the same way driver assistance tech-
nologies have been added to cars.

The more challenging use case is to identify
procedures for which a robot is only justified if
it is autonomous. Such procedures would have
to be high volume and provide high reim-
bursements. Furthermore, robotic automation
would need to convey substantial benefits in
terms of improved patient outcomes, reduced
costs, or enhanced treatment availability. One
such class of procedures is those that are need-
ed on an emergent basis and for which special-
ized clinical staff are not available onsite but
can provide guidance remotely. For example,
although emergency mechanical thrombecto-
my after ischemic stroke is most successful
when performed within an hour of presenta-
tion, many community hospitals are located
more than an hour from stroke centers. A sec-
ond class of procedures to be considered for
automation is those with steep learning curves
and that require a high case load for maintain-
ing skills. For example, the operator perfor-
mance of transcatheter valve repair procedures
can continue to improve over hundreds of
cases (31). For such procedures, autonomous
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robotic assistance could enhance geographic
accessibility by enabling low-volume opera-
tors to perform at high skill levels.

As medical robot autonomy develops, it
may be possible to use this technology in the
same way it is used outside of medicine—to
increase productivity by enabling a clinician
to substantially increase the number of pro-
cedures they can perform per day. Although
the clinical oversight of robots is critical at
this point, advances in learning-based au-
tonomy may enable a future tipping point
leading to expanded access and leveling off
in health care costs.
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