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ARTIFICIAL INTELLIGENCE

The robot will see you now: Foundation models are the
path forward for autonomous robotic surgery
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Foundation models in robotics are here to stay, but can surgical robotics keep up with their data-intense requirement?

Foundation models have provided machines
a seismic shift in language and visual under-
standing. Large language models and vision
transformers—such as ChatGPT, Stable Dif-
fusion, and CLIP—can not only discriminate
text and scenes with remarkable understand-
ing of context but also generate contextually
informed text and imagery. Thus, where in
the past, the relational and graphical model-
ing of context was handcrafted and labeled
in a domain-specific manner, much of it now
latently resides in the parameters of large
models learned over massive and diverse da-
tasets. This jump toward artificial general
intelligence is something that many fields of
robotics have capitalized on.

Surgical robotics is at a unique disadvan-
tage when it comes to incorporating foun-
dation models in advancing its autonomous
capabilities. Because all foundation models are
learned on the basis of accessible data on the
internet or in massive repositories of private
data, they will have captured the nuances and
contexts of only those domains (however large
and diverse). Despite thousands of robotic
surgeries being performed daily around the
world, there are little to no available data to
train on. Why is this? Labeling of images and
videos and recording of robotic behaviors are
difficult to scale beyond a few surgeries, and it
is currently impossible to envision a scenario
in which researchers could collect sufficient
data to create a generalized foundation model
for surgical robot autonomy. Privacy laws
and corporations ultimately hold the keys to
the data, but practically speaking, there are
also not enough expert labelers (ultimately
medical practitioners) to label data and little
incentive to perform and open source data la-
beling, and there may never be. Most surgical
robotics artificial intelligence (AI) papers are
using the same handful of datasets. Cholec80
(1), for example, is still a gold standard for

visual context understanding (segmentation,
phase recognition, etc.), and, at only a few
videos as its total dataset, it is a nonrobotic
dataset and is microscopic in comparison
with those used to train foundation models.

Despite the unavoidable data and prac-
tical limitations, surgical robotics can and
should move toward a future where founda-
tional models are the backbone of its intel-
ligence. It is, presently, the only way to follow
along with the generational leaps in scene un-
derstanding and contextual decision-making
and reach a level of high autonomy [different
levels of autonomy mapped to robotic surgery:
Yang et al. (2)]. Consider a surgical robot that
is assisting in surgery as if it were a trained
surgical technician or fellow: It should make
most low-level decisions on its own, requir-
ing high-level assignment of tasks via voice
only when context cannot be gleaned visu-
ally from the scene. Incorporating a visual-
language model with an action model in an
end-to-end manner would be the simplest
approach. In scene understanding, Surgical-
GPT (3) is a visual question-answer (VQA)
model that has been shown to use prompt
engineering with endoscopic video sequences
to identify the procedure, step, and instru-
ments, trained from scratch on a narrow set of
procedures. GSVIT (4) fine-tunes video pre-
diction foundation models of 26.1 million
parameters, 13.7 million of which are tunable,
for next-frame image prediction and surgi-
cal phase annotation.

Unlike these examples, fine-tuning is not
an absolute necessity, which can lead to rapid
overfitting and poor extrapolation to un-
seen environments. Another approach is to
consider foundation models at the top of
a hierarchy of increasingly specific models
of context building and decision-making
that incorporate domain-specific priors. In
this way, foundation models provide warm
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starts to context, where then a collection of
middle-layer models provides additional,
domain-specific context to surgical environ-
ments. These middle-layer models—which
include analytical models, physical simula-
tors, and learned embeddings—offer refine-
ment in a tangible and more modular way
compared with foundation model fine-tuning
and can be designed to offer guarantees of
performance and safety.

In our own laboratory, we see the bene-
fits of leveraging foundation models such as
Segment Anything (5) for global image seg-
mentation and CoTracker (6) for full scene
visual tracking; this higher-level information
is taken raw, without fine-tuning, and instead
“refined” by geometric and physical middle-
layer models—splines, volumes, fluids, and
surfaces—that have a lower number of pa-
rameters to represent many different surgical
scenes, tools, and objects. In (7), the segmen-
tation models are not sufficient alone to re-
construct suture thread for multistep thread
and needle regrasping. However, by pairing
segmentation results with spline models and
stereo camera models, we can translate the
raw foundation model output to an output
that also models the reconstruction variance
and simultaneously offers reliability-based
candidate grasp poses, completing an image-
to-grasp pipeline for both needles and suture
threads for autonomous suturing. Physical
models and low-parameter decision-making
tools, such as finite-state machines and behav-
ior trees, can provide structure and constraints
based on realistic world assumptions to foun-
dation model outputs. This ensures that they
adhere to the physical and safety limits of tis-
sues and instruments during surgery.

One category of foundation models that
surgical robotics ought to seek integration with
is those aimed at general-purpose manipu-
lation. Robot Transformer X, or RT-X (8), is
one of the original foundation models for ro-
bot manipulation, trained on 22 different ro-
bots across 21 institutions, learning 527 skills
over 160,266 tasks. Driven by industry interest
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Fig. 1. A surgical humanoid robot holds a forcep in its hands to per-
form suturing. A new class of surgical robots that focuses on proficient
multifingered manipulation would open the door to using the nearly
endless array of surgical instrumentation available to doctors while boot-
strapping on the rapid gains and foundation models being generated
toward multifingered manipulation.

and lower barrier to entry over surgical robot-
ics, foundation models for general-purpose
robot manipulators such as RT-X serve as
excellent “warm starts” to manipulation poli-
cies of rigid-body and rigid-multibody ob-
jects and could be bridged to deformable
object and environment manipulation in sur-
gery. The challenge will be that, morphologi-
cally speaking, surgical end effectors have
some of the more unique designs (9) com-
pared with those on the ends of industrial
robot manipulators. Most of the current foun-
dation models in robotics have been trained
on fingered grippers, aiming for general ubiq-
uity in grasping arbitrary objects. Given the
kinematic and dynamical differences and con-
straints for surgical robots, there will inevi-
tably be a kinodynamic domain gap to jump
that will continually plague transfer of these
robotic foundation models to surgical robotic
applications.

In a somewhat unconventional view, I be-
lieve that surgical robot platforms could ben-
efit substantially by aligning their design
more closely with industrial robotic arms
and end effectors. In this paradigm, surgical
robots would be equipped with multifingered
hands or grippers capable of manipulating
standard medical instruments. Many surgi-
cal procedures, whether open or endoscopic,
could be performed largely or entirely us-
ing gripper-held medical instruments. By
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adopting multifingered hands
and grippers found to be more
prevalent in industrial ma-
nipulators, surgical robots
could reduce the domain gap
between surgical and general-
purpose robotics (Fig. 1).
This would enhance the ap-
plicability of existing robot-
ics datasets to surgical tasks
and allow direct use of robot
foundation models trained on
industrial systems, minimiz-
ing or even eliminating the
need for retraining. Notably,
aleading theory in behavioral
science posits that a key leap
in human cognitive evolu-
tion stemmed from our abil-
ity to manipulate tools with
our hands (10). A similar
leap in surgical robotics may
emerge once these systems
gain the dexterity and intel-
ligence to wield instruments
with sufficient competence to perform
general surgery.
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