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

SRT-H: A hierarchical framework for autonomous 
surgery via language-conditioned imitation learning
Ji Woong (Brian) Kim1*†, Juo-Tung Chen1, Pascal Hansen1‡, Lucy Xiaoyang Shi2,  
Antony Goldenberg1, Samuel Schmidgall1, Paul Maria Scheikl1§, Anton Deguet1,  
Brandon M. White3, De Ru Tsai4, Richard Jaepyeong Cha4,5,6, Jeffrey Jopling3,  
Chelsea Finn2, Axel Krieger1*

Research on autonomous surgery has largely focused on simple task automation in controlled environments. How-
ever, real-world surgical applications demand dexterous manipulation over extended durations and robust gener-
alization to the inherent variability of human tissue. These challenges remain difficult to address using existing 
logic-based or conventional end-to-end learning strategies. To address this gap, we propose a hierarchical frame-
work for performing dexterous, long-horizon surgical steps. Our approach uses a high-level policy for task plan-
ning and a low-level policy for generating low-level trajectories. The high-level planner plans in language space, 
generating task-level or corrective instructions that guide the robot through the long-horizon steps and help re-
cover from errors made by the low-level policy. We validated our framework through ex vivo experiments on cho-
lecystectomy, a commonly practiced minimally invasive procedure, and conducted ablation studies to evaluate key 
components of the system. Our method achieves a 100% success rate across eight different ex vivo gallbladders, 
operating fully autonomously without human intervention. The hierarchical approach improved the policy’s ability 
to recover from suboptimal states that are inevitable in the highly dynamic environment of realistic surgical ap-
plications. This work demonstrates step-level autonomy in a surgical procedure, marking a milestone toward clini-
cal deployment of autonomous surgical systems.

INTRODUCTION
Autonomous surgical systems offer the potential to improve out-
comes, reduce costs, and expand access to high-quality care. How-
ever, most surgical robots today remain teleoperated because of 
fundamental challenges. From a vision perspective, surgical scenes 
are highly complex, involving morphological variation between pa-
tients, constant environmental changes during interventions, and vi-
sual occlusions such as blood and smoke from cautery tools. Motion 
planning in this setting is difficult because of the partial observability 
of organ tissue and their unpredictable dynamics. Additionally, surgi-
cal tasks must be performed with high precision and safety, making 
the development of these systems very challenging.

Prior works have addressed surgical autonomy through various 
strategies in simulation (1–3) and real-world settings (4–8). Various 
studies explored tabletop tasks, such as peg transfer, needle pickup, 
and deformable object manipulation, using model-based strategies 
(5, 6, 9–11), reinforcement learning (3, 7, 12–15), and imitation learn-
ing (16–20). In particular, learning-based methods showed promise 
in tackling challenging contact-rich manipulation tasks (21), such 
as suture knot tying (22), that are otherwise difficult to solve with 

model-based strategies. Although promising, most learning-based 
works have been demonstrated in controlled environments and have 
not been extended to realistic in vivo or ex vivo settings. Therefore, 
whether these strategies will succeed in the complex and diverse envi-
ronment of surgery remains uncertain.

On the other hand, there have been notable in vivo autonomous 
demonstrations, such as needle steering (8) and anastomosis tasks 
(4). Although promising, these studies primarily tackled the naviga-
tion steps of the procedure, which is much simpler than manipula-
tion, and relied on hand-crafted strategies that were specifically 
optimized for a single application. In vivo studies demonstrate the 
promise of robotics being deployed in clinically relevant environ-
ments; however, the applied strategies are unlikely to generalize, 
scale, or address complex manipulation problems that are very com-
mon in surgery.

In this work, we aimed to move beyond the scope of prior ap-
proaches by addressing several critical and previously unaddressed 
dimensions of surgical autonomy. First, we focused on contact-rich 
manipulation tasks that require diverse tool use, including grabbing, 
clipping, and cutting, which are skills common in real surgical pro-
cedures. Second, we conducted this work in a realistic ex vivo set-
ting with substantial variability in tissue appearance, anatomy, and 
morphology across organs, mirroring the diversity encountered in 
human surgeries. Third, rather than tackling individual skills, we 
tackled entire surgical steps that unfold over several minutes and 
require persistent coordination, decision-making, and adaptation. 
The combination of these challenges, including contact-rich ma-
nipulation, anatomical variation, and long-horizon execution, has 
been unexplored in prior work and is nontrivial to solve using con-
ventional approaches. Our goal was to show that these challenges 
can be overcome with a unified design using data-driven methods. 
Solving this challenge in such a generalizable way is essential for 
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progressing toward clinically viable and general-purpose autono-
mous systems.

Toward this end, we present Hierarchical Surgical Robot Trans-
former (SRT-H), a framework for autonomous, step-level autonomy 
in surgery (Movie 1). SRT-H uses a hierarchical architecture com-
posed of a high-level (HL) policy that issues natural language in-
structions, including task and corrective instructions, and a low-level 
(LL) policy that executes LL trajectories. This structure allowed us 
to decompose complex procedures into shorter tasks and enabled 
the HL policy to correct mistakes made by the LL policy, which 
naturally arose during long-horizon steps. Furthermore, using 
language enabled an intuitive interface for intermittent user inter-
vention and fine-tuning. Specifically, users can temporarily over-
ride HL decisions with natural language instructions, and these 
interventions are stored and used for continual learning via a 
DAgger-style (23) loop.

SRT-H was built on a transformer-based architecture and trained 
end-to-end via imitation learning, using only red, green, and blue 
(RGB) images paired with language annotations. It avoids reliance 
on depth sensors, segmentation modules, or specialized hardware. 
We evaluated SRT-H on the clipping-and-cutting step of cholecys-
tectomy, a common laparoscopic procedure performed more than 
700,000 times annually in the United States (24). This step involves 
identifying the cystic duct and artery, placing clips, and severing 
them. By disabling the clip-latching mechanism, we enabled collec-
tion of hundreds of demonstrations from a single porcine tissue, 
making large-scale data collection feasible. In contrast, other steps 
like dissection are destructive and yield only one demonstration per 
specimen, motivating our focus on clipping and cutting steps of 
cholecystectomy.

To train and evaluate our system, we collected 16,000 trajecto-
ries (~17 hours of data) across 34 ex vivo porcine gallbladders. We 
then tested SRT-H on eight unseen gallbladders, and, in each case, 
the system successfully completed all 17 required tasks autono-
mously, generalizing across anatomies and self-correcting its mistakes 
midprocedure. Ablation studies highlight the critical role of both 

the hierarchical structure and the corrective language interface in 
enabling timely and effective corrective behaviors. Compared to an 
expert surgeon, our framework showed comparable performance, 
although with longer execution time. In summary, SRT-H provides 
a scalable and adaptable framework for autonomous surgery, with 
potential to advance toward generalizable autonomy in real-world 
surgical settings.

RESULTS
In the following sections, we describe the design and workflow of 
our autonomous surgery system and then present the experiment 
results. We first evaluated our system’s ability to complete the chole-
cystectomy procedures using eight unseen ex vivo porcine tissues. 
The framework’s performance was evaluated on the basis of the suc-
cess rate, total time, and number of self-corrections made (see the 
“Core experiment results” section for details). We further evaluated 
SRT-H against ablative variants to show the effect of different design 
choices on the performance of the framework. We evaluated these 
variants on the basis of their success rate, total time, and ability to 
recover from failure states (see the “Comparison with variants” sec-
tion). The success rate of failure recoveries was evaluated by placing 
the instruments into failure states and observing whether each vari-
ant could recover to complete the procedure successfully. We also 
independently performed ablative comparisons for the HL policy 
and quantified each design choice’s effect on its performance (see 
the “HL policy ablation studies” section). Last, we evaluated our 
framework against an expert surgeon on the basis of the success 
rate, time to completion, and the smoothness of the trajectories (see 
the “Comparison with expert surgeon” section).

Experiment design
Figure 1A shows the hardware configuration of our system, which 
consists of a da Vinci Research Kit (dVRK) Si with wrist cameras 
mounted near the instrument tips. The stereo endoscope of the 
dVRK provides a global view of the surgical scene, and the wrist 
cameras provide a close-up view of interactions between instru-
ments and tissue. Prior works (22, 25) demonstrated that wrist cam-
eras can help with generalizing to different workspace heights and 
out-of-distribution scenarios because of the more consistent view 
provided by the wrist cameras. Although the sizes of the wrist cam-
eras used in this study are quite large and perhaps not clinically 
practical for minimally invasive surgery, their design can be further 
downsized. In the following, we describe the general workflow of 
the procedure within cholecystectomy that is automated, its chal-
lenges, and the steps for deploying SRT-H. The steps for clipping 
and cutting the duct and artery are shown in Fig. 1B. The objective 
of this step is as follows: Three clips were added to the left tubular 
structure (typically, the duct), and then three clips were added to the 
right tubular structure (typically the artery). For each tube, the first 
two clips were placed proximally near the bottom and the third clip 
distally at the top. Note that the clips prevent any leakage of biologi-
cal fluids after the gallbladder is removed; in particular, the two clips 
placed at the base remain in the patient and must, therefore, provide 
a secure, long-lasting seal. Then, the tube was transected between 
the second and third clip of each tube, where there is the most gap 
for the scissors to enter. In general, the duct and artery are in close 
proximity; therefore, the left grasper must apply tension at the neck 
of the gallbladder to stretch the tubes apart and make room for the 

Movie 1. A language-guided imitation learning framework for autonomous 
robotic cholecystectomy surgeries. Using cholecystectomy as a case study, our 
framework automated key steps in gallbladder removal, focusing on the complex 
process of clipping and cutting the cystic duct and artery. The system performed 
17 tasks fully autonomously, achieving successful results in all eight ex vivo studies 
without human intervention. Robustness was demonstrated through challenging 
scenarios and appearance variations, where the model adapted and executed tasks 
confidently, highlighting its potential for generalizing across surgical settings.
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Fig. 1. System and task overview. (A) We used the dVRK Si to deploy our policy, which includes an endoscope and two additional wrist cameras mounted for a better view 
of the interactions between instruments and tissue. (B) The autonomous surgical steps include clipping and cutting the gallbladder’s artery and duct. (C) The before and 
after pictures illustrate the objective of this procedure; the duct and artery are completely severed, without spilling any of their internal fluids because of the use of clips.
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clip applier or the scissors to enter the gap. After each clip was ap-
plied, an assistant on standby near the dVRK loaded another clip 
and also performed tool changes between clip applier and scissors 
after completion of the relevant steps (filling the role of a surgi-
cal nurse).

There are several challenging elements to this procedure. From a 
visual and anatomical point of view, the appearance of the ducts and 
arteries varies greatly among patients in terms of their diameter, 
length, proximity, angle from each other, and amount of connective 
tissue left on the surface of the tubes, which can make perception 
challenging (26). From a manipulation point of view, precise biman-
ual coordination of the arms is necessary. In particular, when adding 
clips to the left tube, the left gripper must grab the neck of the gall-
bladder head and stretch it to make sufficient space between the 
duct and the artery, and the clip applier must pry in between the 
tight space between the tubes to successfully apply the clip (27). 
During this step, the clip applier can overshoot and miss the duct 
entirely, mistakenly clip the right tube (artery), or apply the clips at 
a suboptimal location, e.g., applying the third clip too close to the 
second clip so as to leave no space for the scissors to perform the cut. 
Overall, to succeed in these steps, the policy must perceive and track 
the location of the deformable duct and artery, keep an internal 
count of how many clips have been applied so far, detect whether 
sufficient stretch has been applied to make room for prying in the 

clip applier tool, and apply the clips at an optimal location without 
damaging the surrounding tissues. 

During the autonomous trials when SRT-H was deployed, the 
operator clicked a button on the graphical user interface (GUI) to 
initiate the system. After the system autonomously applied each clip, 
the system automatically paused on its own and waited for the op-
erator to load another clip. The operator then loaded another clip, 
and the procedure resumed. This interaction was repeated for all six 
clips that were applied to the duct and artery. Between the clip-
applying steps, when a scissor was required, similar steps were car-
ried out; the robot autonomously requested for a tool change, and 
the operator resumed the procedure after making the tool change.

The architectural details of SRT-H are shown in Fig. 2. Briefly, 
SRT-H was implemented as two transformer decoders; one is part of 
the HL policy and the other of the LL policy. The HL policy took in 
a history of endoscope images as input and generated three outputs: 
the task instruction, corrective instructions, and correction flag 
(Boolean). Either the task or corrective instruction was provided as 
input to the LL policy, with the correction flag serving as a binary 
switch that determined which instruction was sent to the LL policy. 
The LL policy then took the given instruction, along with the cur-
rent observations of the surgical scene, to generate a hybrid-relative 
trajectory (22), the action representation optimized for training on 
dVRK robots.

Fig. 2. Model overview and architecture. (A) The architecture of our framework consists of an HL policy that generates language instructions given the image observa-
tions and an LL policy that conditions on the language instructions and image observations to generate robot motions in Cartesian space. (B) On a more granular level, 
the HL policy consists of a Swin-T model to encode the visual observations into tokens that are processed by a transformer decoder to generate language instructions. 
The language instructions are processed by a pretrained and frozen DistilBERT model to generate language embeddings. The image observations are passed to an Effi-
cientNet that conditions on the language embeddings through FiLM layers. The combined embeddings are passed to a transformer decoder to generate a sequence of 
actions that are encoded in delta position and orientation values. Img/imgs, images; History len, history length.
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Core experiment results
For the core experiments, SRT-H was evaluated on eight different 
unseen gallbladders. Table 1 shows the result of each experiment 
including the success rate, total duration, and number of self-
corrections made. We observed that SRT-H was able to complete all 
of the procedures successfully without any human interventions and, 
on average, completed the procedure within 317 s or 5 min and 17 s. 
This duration excludes the time of reloading the clips and making 
tool changes performed by the operator. Furthermore, when failure 
states were encountered, SRT-H was able to correct its own mistakes 
and complete the procedure successfully. On average, self-corrections 
were made approximately six times throughout the entire procedure. 
We provide additional information about the individual self-corrections 
in fig. S7. Figure 3 shows the placement of each clip before the artery 
and duct were cut in more detail. The clips fully encompassed the 
ducts and arteries, maintained close spacing between the bottom two 
clips on each tube, and left sufficient spacing between the second and 
third clip on each tube for easy access for the scissors to make the cut. 
Overall, across diverse tissues, SRT-H demonstrated consistent capa-
bility in recognizing the relevant tissue structures, maintaining a rea-
sonable pace, and recovering itself from its own failures to complete 
all cases successfully. In general, the upper-most clips were placed 
close to the gallbladder infundibulum, but at times, they may not 
have been positioned at the highest point. To alleviate such place-
ment issues in the future, we may collect additional data where clips 
are positioned as far up as possible, allowing SRT-H to more accu-
rately replicate ideal placement. Similarly, in some cases, the clips 
were placed quite low in the surgical field because of suboptimal 
demonstrations, and these issues could similarly be improved by col-
lecting better demonstrations.

Additionally, we encountered a non–safety-critical robot failure 
in one of the eight experiments that was not related to SRT-H, when 
the scissors broke and had to be replaced before continuing. In ad-
dition, the dVRK system had to be reinitialized three times during 
manual tool changes, also unrelated to SRT-H. These issues arose 
because we were using the very first dVRK Si still undergoing devel-
opment, and the hardware system was not yet perfected. These 
hardware-related issues have since been resolved.

Comparison with variants
We further evaluated SRT-H against several variants, including SRT-H 
trained with task instructions only (no corrective instructions), 

SRT-H trained without wrist cameras, SRT-H’s HL policy trained 
without additional DAgger data (collected using expert language 
corrections during prior policy rollouts), and end-to-end architec-
ture with only the LL policy. For all of the tests, each variant was 
evaluated on the basis of its success rate and total duration. To ensure 
a fair comparison, all variants were evaluated using the same gall-
bladders and starting positions, with a 90-s maximum time limit set 
for completing each task.

The full results of these evaluations are shown in Fig. 4. In terms 
of success rates (Fig. 4A), SRT-H scored the highest (100%) in both 
normal and recovery scenarios (Fig. 5). SRT-H using task instruc-
tions was a close second, given that it also scored highest under nor-
mal scenarios (100%); however, because of the lack of corrective 
vocabulary, its performance in recovery scenarios was lower (66.7%). 
Omitting wrist cameras also reduced the success rates in both sce-
narios (77.8 and 50%, respectively), highlighting their importance 
in highly diverse ex vivo scenarios beyond table-top settings. SRT-H 
without HL fine-tuning resulted in diminished performance (77.8 
and 75%, respectively), demonstrating the importance of using a 
competent HL policy and the efficacy of fine-tuning the HL poli-
cy. The end-to-end policy variant scored the lowest in both sce-
narios (33.3%).

In terms of total duration (Fig. 4C), SRT-H performed the fastest 
on average for both normal and recovery scenarios. The other vari-
ants required more time because they made mistakes, which they 
could not recover from, or fell into repeating loops of retry behav-
iors. In general, however, the rate of motion for all variants was 
similar, and their differences were dictated by how competent the 
policy was in recovery behaviors.

We also evaluated how the amount of data affected policy perfor-
mance. As shown in Fig. 4B, we evaluated SRT-H with 33.3, 66.6, 
and 100% of the entire dataset as training data. These variants scored 
success rates of 66.7, 77.8, and 100%, respectively. This evaluation 
indicates that, beyond the design of the architecture, the amount of 
data plays a critical role in policy performance.

HL policy ablation studies
For the HL policy, several design choices were made to address per-
ception challenges arising from differences in gallbladder color, tex-
ture, and anatomy. First, in addition to the full view, we incorporated 
a center-cropped version of the most critical operating area as input. 
The center-crop size is 432 pixels by 480 pixels, and the cropping 

Table 1. Core experiment metrics. Procedures were performed on n = 8 ex vivo porcine gallbladder (Gallbl.) tissues, showing the success rates, total duration, 
and number of self-corrections over all tasks of the procedure.

Success rate (%) Duration (s) # Self-corrections

 Gallbl. 1 100 290 2

 Gallbl. 2 100 315 8

 Gallbl. 3 100 304 14

 Gallbl. 4 100 300 3

 Gallbl. 5 100 396 6

 Gallbl. 6 100 318 12

 Gallbl. 7 100 274 1

 Gallbl. 8 100 337 5

Average 100 317 6
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Fig. 3. Core experiment sequences. Images of the initial and final states, as well as observations of the clip positions for the duct and artery before the cut was made for 
all eight gallbladders. The clips were sufficiently secured around the ducts and arteries, and sufficient space between the second and third clips of each tube was left for 
the scissors to make the cuts. The individual gallbladders (Gallbl.) varied noticeably in color, texture, and anatomy.
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location is always fixed on the original image. This allows the model 
to focus on the most relevant information in the surgical field by 
providing this area at a higher resolution compared with the full 
view. Second, we modified the cross-entropy (CE)–based loss func-
tion by scaling it with the L1 distance between the predicted and 
reference task instructions. This adjustment was intended to im-
prove the policy’s ability to distinguish between tasks that are tem-
porally distant but visually similar. Third, to mitigate the effect of 
occlusions during surgery, we included a history of four past image 
frames, each spaced 1 s apart, along with the current frame. This 
temporal context allowed the HL policy to retain crucial temporal 
information, ensuring robust performance even when important 
details were temporarily obscured. We conducted an ablation study 

to determine the contribution of each design choice by systemati-
cally omitting each one during model training. Performance was 
evaluated on the basis of both accuracy and F1 score for three clas-
sification tasks: predicting task instructions, corrective instructions, 
and identifying recovery modes.

Results show that our HL policy achieved an accuracy and F1 
score of ~97% for task instruction predictions. Removing the center 
crop input or using only the CE loss for task instructions resulted in 
a decrease in accuracy and F1 score of around 2 to 2.5%. Omitting 
the observation history led to an even more substantial drop in per-
formance, exceeding 10% for the task instruction predictions and a 
similar decline for the corrective instruction and recovery mode 
prediction. In the other two prediction tasks, our model also 

A B

C

Fig. 4. Comparisons against variants. (A) We compared the success rate of our method, SRT-H, against various variants on subtasks and recovery scenarios for n = 3 
gallbladders. These three gallbladders were independent of the eight gallbladders used in the experiment. (B) The success rates of SRT-H for n = 3 gallbladders with re-
spect to the amount of training data used. (C) The average completion times over n = 3 gallbladders for SRT-H and ablative variants.
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outperformed the variation that excluded the center crop input and 
the variant that only used the CE loss without scaling. Although the 
margin for recovery mode predictions was smaller, with an im-
provement of around 0.5 to 1%, the increase in corrective instruction 
predictions performance was more pronounced. This is particularly 
evident in the F1 score, highlighting the HL policy’s ability to issue 
language corrections more consistently, achieving a 2 to 2.5% im-
provement. Overall, the HL policy achieved ~95% accuracy in iden-
tifying recovery modes and around 70% accuracy in predicting 
corrective instructions, of 18 possible motion classes (see the “Cor-
rective language instructions” section in Supplementary Materials 
and Methods). We provide additional information on these evalua-
tions in table S2.

As a further study, we applied GPT-4o, a state-of-the-art general-
purpose vision-language model, as the HL policy for surgical task 
planning. GPT-4o was provided with the current endoscope image 
and all task instructions it could issue to guide the robot (see fig. S7). 
GPT-4o shows shortcomings in domain-specific understanding in 
issuing the correct task instruction. For example, it initially omitted 
the crucial step of “grabbing gallbladder” and prematurely initiated 

the action “clipping first clip left tube.” Additionally, GPT-4o incor-
rectly prompted the go-back from clipping/cutting instructions be-
fore completing the task. Thus, GPT-4o would not be able to guide 
the LL policy through a full cholecystectomy procedure, because it 
was unable to issue the correct task instructions.

Comparison with expert surgeon
We performed a preliminary comparison between SRT-H and an 
expert surgeon. Given the same gallbladder, both performed several 
tasks, including adding the first and third clip to the artery and cut-
ting it. Each round, SRT-H was deployed first, and the surgeon was 
asked to repeat the same task. For adding the clips, modified clips 
with a disabled latching mechanism were used. For cutting, right 
before the policy attempted to close its grippers to complete the cut, 
the robot was stopped to avoid permanent damage to the tissue. The 
surgeon had experience in performing both robotic and manual 
cholecystectomy. The surgeon did not have prior experience with 
the dVRK system but was given sufficient time to become familiar 
with using the system. Note that the participating surgeon study did 
not contribute to the training data.

Fig. 5. Recovering from failure states. We manually placed the instruments into failure states to evaluate SRT-H’s ability to recover from disadvantageous states of the 
environment. Each row illustrates a specific failure state and a sequence of images that show how SRT-H recovers from it.
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The results are shown in  Fig.  6, which shows qualitative com-
parisons of the trajectories from the endoscope view and also in 
Cartesian space. We quantitatively report the mean jerk, trajectory 
length, and total duration during the tasks for both the surgeon and 
SRT-H. In general, we regard the better performer as the one that 
performed with the least mean jerk, trajectory length, and total 
duration.

Our results show that the surgeon completed all tasks faster than 
SRT-H. However, we observed that SRT-H navigated with shorter 
trajectory length and less mean jerk compared with the surgeon; 
therefore, SRT-H generates smoother and shorter trajectories. How-
ever, the surgeon was much faster in executing all of the steps. As a 
qualitative comparison, the two-dimensional (2D) projections of 
the trajectories show that SRT-H and the surgeon performed the 
procedure in a similar manner, based on the overall shape and ap-
pearance of the trajectories. In general, despite these promising 
findings, we avoid making strong claims that SRT-H outperforms 
the surgeon. We also lacked a sufficient number of gallbladders for a 

more in-depth comparison. A more detailed analysis may be ad-
dressed in further extension of this work. Our goal is to give an ini-
tial intuition of how our framework’s performance compares with 
that of an experienced surgeon.

DISCUSSION
In this work, we introduce SRT-H, a scalable framework for achiev-
ing step-level autonomy in robotic surgery. In comparison with 
prior work, which primarily focused on assistive tools (28, 29) and 
task-level autonomy (4, 8, 30), our research takes a step forward by 
moving toward autonomy at the step level. The results of our study 
demonstrate the effectiveness of SRT-H in automating the clipping 
and cutting procedure of a cholecystectomy intervention. Ablative 
studies show the effectiveness of our hierarchical design, which in-
corporates HL and LL policies. This design also demonstrates the 
ability to generalize across unseen ex vivo tissues and self-correct 
errors in real time. We demonstrated our approach across eight 

A

B

C

Fig. 6. Qualitative motion comparison between SRT-H and a surgeon. We evaluated SRT-H against a human surgeon on the same gallbladder for the subtasks of apply-
ing the first and third clip to the artery, as well as cutting the artery. (A) 2D projection and (B) 3D plot of instrument paths for SRT-H (dark blue and red) and human surgeon 
(light blue and orange) as absolute positions in millimeters. (C) Quantitative comparisons between SRT-H and human surgeon based on the total duration of task execu-
tion (duration, in seconds) and trajectory length (Traj. Len.) of the instruments (in millimeters), as well as the mean jerk (in 10−2 mm s−3) calculated over the instrument 
paths.
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gallbladders, achieving a 100% operation success rate for the liga-
tion and division step.

Prior work
Levels of autonomy
The level of autonomy (LoA) in medical robots is categorized across 
distinct levels (31), ranging from pure teleoperation to full autono-
my. LoA 0 represents no autonomy, where the robot functions pure-
ly as a tool controlled by a human operator. LoA I is defined by robot 
assistance, where the robot provides continuous control support, 
such as mechanical guidance or virtual constraints, but the human 
remains in full control. LoA II refers to task autonomy, where robots 
autonomously perform specific tasks, like running sutures, initiated 
by human input via discrete control commands. LoA III, condition-
al autonomy, allows the system to generate task strategies autono-
mously but requires the human operator to select among them or 
approve an autonomously selected strategy. Systems at LoA IV, clas-
sified as high autonomy, can make medical decisions independently 
but still require supervision by a qualified doctor. Last, LoA V rep-
resents full autonomy, where the robot is capable of performing an 
entire procedure without any human intervention.
Examples of high LoAs
Higher LoAs (IV) have been achieved by a few systems. One such 
system is the CyberKnife (32), which autonomously performs ra-
diosurgery for brain and spine tumors under human supervision. 
This system operates in highly structured environments, using 
noninvasive techniques where tissues are rigid and stable, reduc-
ing the complexity of automation. Another LoA IV system is the 
Veebot (33), which autonomously performs blood sampling by 
identifying and selecting suitable veins. These systems demon-
strate progress in autonomous surgery; however, they operate un-
der controlled conditions, and the gap between these systems 
toward achieving full autonomy in dynamic, soft-tissue environ-
ments remains considerable.

Our present SRT-H work falls in LoA IV, given that it is capable 
of reliable and autonomous execution while self-correcting its mis-
takes; these self-corrective instructions are generated by itself and 
not issued by the user of the system. However, our system is not 
failure-proof to out-of-distribution scenarios; therefore, the surgeon 
should always oversee its operation.

Additionally, we briefly mention further evolved definitions of 
LoA, which include level of environmental complexity (LoEC) and 
level of task complexity (LoTC) (34). According to these metrics, 
our work falls in LoEC IV and LoTC IV. Our work can be catego-
rized as LoEC IV because soft and realistic tissues are involved, al-
though without topological motion (e.g., breathing), which is the 
further requirement needed to reach LoEC V. In terms of LoTC, our 
work falls into category IV because we consider advanced surgical 
tasks that require spatial understanding of the scene, but the model 
lacks clinical and anatomical knowledge, which is the further re-
quirement to reach LoTC V.

We also draw a direct comparison to a highly relevant prior work 
involving autonomous bowel anastomosis (4). Although anastomo-
sis may seem like a more technically demanding task, our work 
demonstrates a greater step forward in comparison. More specifi-
cally, in this earlier work, the procedure took place under highly 
controlled conditions: The bowels were scaffolded on a fixture, fluo-
rescent markers were used for tracking, and a specialized needle-
throwing device simplified suturing to a basic reach task. Even with 

these advantages, the system occasionally made errors that required 
manual surgeon intervention. Moreover, the prior approach relied 
on a hand-crafted state machine with model-based planning, which 
lacks expressivity. By contrast, our present work requires no special 
fixtures, tracking markers, or specialized surgical devices. Instead, it 
uses imitation learning to acquire more sophisticated and adaptable 
manipulation skills, which are difficult to capture with purely hand-
crafted methods. For example, our system can delicately maneuver 
through the narrow space between the duct and artery, place clips at 
appropriate locations, and execute precise cuts without harming 
nearby tissue, all of which would be challenging to program explic-
itly. Crucially, the model can self-correct during the procedure, re-
ducing the need for human intervention at test time. Furthermore, 
our method is expressive and scalable: By gathering demonstration 
data from additional procedures, we can potentially apply the same 
approach to a wide variety of surgical tasks, including anastomosis.
Robot transformers
Outside of surgery, advancements in robotics have led to the devel-
opment of general-purpose task-solving models (35–39). These 
models are trained by imitation on extensive real-world robotics da-
tasets, processing images from robot cameras, and following natural 
language task descriptions to generate robotic actions. The resulting 
controllers exhibit the ability to adapt to novel situations and dem-
onstrate task-solving capabilities that extend well beyond the scope 
of their training data (37). These models interpret commands that 
were not part of the training data and exhibit the ability to reason on 
the basis of user instructions, such as which object to use as an im-
provised hammer (a rock) or finding a drink that is best for some-
one who is tired (an energy drink).

Limitations
From ex vivo to in vivo
One important area for further research is translating our system 
from ex vivo experiments to in vivo clinical environments. Translat-
ing from ex vivo to in vivo brings several challenges, such as operat-
ing in the surgical site, addressing bleeding and tissue motion, and 
fitting the wrist cameras through laparoscopic ports. Given that our 
approach is robot agnostic and only depends on the relative position 
of the robot end effectors, surgical access and operation do not pres-
ent many challenges. Because our approach operates through visual 
guidance (instead of a model-based approach) and has the ability to 
self-correct, we believe that it can adapt to motion and blood if it is 
incorporated as part of the training data or potentially zero shot (see 
fig. S5 for reference). However, further studies are required to con-
firm this. Additionally, although the current wrist-camera configu-
ration in our work would likely not fit into laparoscopic ports, 
modern cameras provide strong imaging quality with sub-millimeter 
form factors (40, 41) and can be easily integrated into surgical tools 
with minimal size increase of ports. Another concern with the use of 
wrist cameras may be potential occlusions because of fog and blood 
on the camera lenses. A potential solution to deal with these issues 
is to translate the strategies used for endoscopic cameras to wrist 
cameras. For instance, antifogging solutions like Fred (42) may be 
used for fogging scenarios. For blood wiping, there are commercial 
solutions like ClickClean (43) or ClearCam (44), which physically 
remove any occlusions on the lens without removing the surgical 
tools. Furthermore, normalizing the usage of wrist cameras in the 
operating room may take time, considering that they are devices not 
widely available in the market.
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Making SRT-H safer
A further extension of this work may focus on expanding the sys-
tem’s capabilities to cover a broader range of surgical procedures. 
The presented SRT-H framework supports the ability to learn across 
multiple surgical procedures using the same model parameters, to 
which diverse learning is believed to improve performance on indi-
vidual tasks (21, 36, 37). Risk management remains a crucial aspect 
of surgical robotics. Further research could incorporate conserva-
tive Q-learning (CQL) (45) and conformal prediction (46, 47) into 
the SRT-H system to address uncertainty during surgery. CQL 
would help prevent overestimation of the SRT-H’s actions in unfa-
miliar situations, and conformal prediction would provide real-time 
feedback on the system’s confidence levels. Safety switching with ro-
botic systems can be performed with on-site surgeons or through 
teleoperation, much like the proposed safety protocols used in au-
tonomous driving systems (48,  49). Additionally, with enhanced 
perception, it may be possible to simulate robot behaviors in simula-
tion and refine plans before executing in the real world for greater 
safety (50). Last, although we demonstrate this approach primarily 
through full autonomy without supervision, our approach also sup-
ports real-time language interventions from expert surgeons, mak-
ing it practical for potential integration into hospitals as a tool for 
surgeons to reduce fatigue on simple procedures or for areas with no 
access to trained surgeons. Intervention could be requested by the 
system on the basis of uncertainty calculations and could be per-
formed by a remote operator (46).

MATERIALS AND METHODS
Data collection
Training data were collected by two experienced human demonstra-
tors on the dVRK system. Dataset D1, collected by the first demon-
strator, contains data from 31 different gallbladders. The second 
demonstrator collected data for three additional gallbladders, which 
are denoted as dataset D2. All gallbladder organs were sourced from 
Animal Technologies Inc. (Tyler, TX, USA). Note that both data col-
lectors were nonclinical research assistants, trained by a surgical 
resident with extensive experience performing cholecystectomies. 
The first assistant was the primary data collector and contributed the 
most to the dataset. By the time the second data collector joined the 
project, most of the necessary data had been collected; therefore, 
the contributed dataset was much smaller. We define D = D1 ∪ D2 
as the union of both datasets. The visual data include video streams 
from the dVRK stereo endoscope, which has a resolution of 960 pix-
els by 540 pixels, and two wrist cameras, each with a resolution of 
640 pixels by 480 pixels, mounted on the instruments of the surgical 
robot’s left and right arms. Both video and kinematic streams were 
recorded at 30 frames per second.

Before collecting data, a demonstrator performed blunt dissec-
tion with Maryland forceps on a given gallbladder to reach the criti-
cal view of safety, where the cystic duct and artery are clearly 
identifiable. Certain gallbladders with abnormal tissue structures 
were not used, including the ones where the artery crossed over the 
duct and where the artery branched (see fig. S6 for reference). About 
10% of gallbladders were excluded because of these anatomical 
anomalies. Although the model can handle such variations if suffi-
cient demonstration data are available, their rarity made it difficult 
to collect data at scale. Addressing these edge cases is beyond the 
scope of this work and is left for future investigation. To simulate an 

accurate setup for the surgery, an expert surgeon recommended 
cholecystectomy port locations using a plastic abdominal dome. 
These ports were then isolated and modeled in computer-aided de-
sign to create an open structure that held the port locations for each 
arm of the surgical robot, as shown in Fig. 2A. This way, the dissec-
tion area remained open rather than concealed, which is ideal for 
frequent wrist camera mounting, clip reloading, and tool switching. 
This open setup may raise concerns that ambient lighting may affect 
the lighting conditions. However, we found that its effect on the en-
doscopic and wrist cameras’ image quality was negligible.

The clipping and cutting portions of cholecystectomy include 
17 tasks in total. These include grabbing the gallbladder (1), adding 
six clips (2  ×  6  =  12), and cutting twice for the duct and artery 
(2 × 2 = 4), summing to 17 (1 + 12 + 4 = 17). Note that the tasks for 
adding the clips and cutting involve two tasks: the motion for add-
ing the clip or cutting and the retraction.

To acquire multiple trials from a single gallbladder, we used a few 
tricks. For clipping motions, we used clips with the latching mecha-
nism disabled. This allowed us to perform clipping motions repeti-
tively without actually locking it to the duct or the artery. For the 
cutting motions, we performed the motion of placing the scissors, 
but we did not close the scissors at the last step. During postprocess-
ing, we extended the kinematics data to simulate a cutting motion. 
Using this strategy, it was possible to acquire multiple demonstra-
tion data using a single gallbladder with minimal damage. This may 
raise concerns that simply closing the grippers might not guarantee 
cutting. In practice, if the cut was not successful, which was very 
rare in our experiments, then the policy often tried to cut again be-
cause it observed that the duct/artery was not cut and remained in-
tact in the image observation. Also, multiple cuts were generally not 
necessary because the scissors were very sharp. These strategies 
served to aid with data collection without harming the tissues and 
did not take away from the generality of the methods.

We used the above logistics to collect many expert demonstra-
tions. Additionally, we further collected samples that show recov-
ery from suboptimal states to augment the dataset. These recovery 
demonstrations helped the learned policies to recover from their 
own mistakes.

After training the policies on the base dataset, we additionally 
collected a DAgger (51) dataset Dcorr as described in (52) to improve 
the base model performance by learning from verbal corrections of 
common mistakes during policy rollout. The DAgger algorithm it-
eratively collects data from the policy’s own actions and corrects 
them using expert feedback to refine the policy. Within our DAgger 
dataset, only the language predictions were corrected; therefore, it is 
denoted as HL DAgger for the rest of the paper. The language cor-
rections were either issued during the experiment or added during 
postprocessing. The dataset is summarized in Table 2, providing rel-
evant statistics such as the number of demonstrations, images, and 
duration for both optimal and recovery demonstrations. These 
numbers represent the total number of trajectories collected across 
all gallbladders, encompassing all tasks involved in the clipping and 
cutting steps of the cholecystectomy procedure.

HL policy
Problem definition
The HL policy, denoted πHL

(

pt , ct ,mt ∣ot−k:t
)

 , took as input the cur-
rent image observation o at time step t, along with k preceding ob-
servations from the left camera stream of the dVRK Si endoscope. 
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As output, the HL policy generated three predictions: the next task 
pt (i.e., surgical phase) to be executed by the LL policy; a correction 
flag ct indicating whether the robot is in a recovery mode; and a cor-
rective (motion) instruction mt that specified cardinal actions, such 
as “move right arm to the right” or “move left arm toward me,” that 
should be executed instead if the robot was in recovery mode. A CE 
loss was used for all three predicted outputs (see Eq. 1). For the task 
instruction component, the CE loss was scaled by the L1 distance 
between the predicted and reference label to improve the policy’s 
ability to distinguish between tasks that were temporally distant but 
visually similar. The individual loss components were weighted on 
the basis of their relative importance to the task. The task instruc-
tion had the highest priority, so its weight, wp = 0.4, was set higher 
than the weight for the correction flag and corrective instruction 
predictions, which were wc = wm = 0.3. The resulting objective func-
tion minimizes the expected weighted sum of the task, correction, 
and motion losses and is given as the following. We use a hat symbol 
to denote the outputs predicted by the HL policy, whereas the cor-
responding ground-truth values from the dataset are written with-
out the hat.

Model architecture
The HL policy architecture, illustrated in Fig. 2B, consists of a vision 
encoder, a transformer decoder (53), and separate multilayer per-
ceptron heads to generate the three classification outputs. Each im-
age underwent preprocessing, including standardization based on 
the mean and SD of the color channels calculated over the entire 
dataset, ensuring zero mean and unit SD. The image was resized to 
224 pixels by 224 pixels to match the resolution used for pretraining 
the vision encoder. Alongside this global view, a centered crop that 
captured the most task-critical region was extracted and resized to 

224 pixels by 224 pixels. The centered crop covered the inner 50% of 
the width and captured the lower 80% of the height, starting from 
the bottom. This approach was inspired by LLaVA’s AnyRes tech-
nique (54), which divides images into multiple patches while pre-
serving the global scene context. However, instead of generating 
multiple patches, we focused on extracting only the most task-
relevant patch, emphasizing the center of the surgical area. The vi-
sion encoder is the tiny variant of the Swin Transformer (55) 
pretrained on ImageNet (56). The Swin Transformer was selected 
because of its high performance on limited data and its ability to 
produce a compact output token size of 768, which makes it suitable 
for temporal modeling with a downstream Transformer architec-
ture. During surgery, important details are often occluded. For in-
stance, a clip could easily be occluded by an instrument. To retain 
information crucial for classification, we included a history of k = 4 
past image frames, each spaced 1 s apart, along with the current 
frame as input to the HL policy, following the approach of Shi et al. 
(52). The embeddings from the vision encoder were used as inputs 
to the transformer decoder, configured with eight heads and six lay-
ers. To preserve temporal information, sinusoidal position embed-
dings were added to the input sequence. The vision encoder outputs 
were passed to the Transformer directly without pooling to preserve 
spatial information, similar to the approach by Zhao et al. (57). By 
assigning unique learnable embeddings as task-specific queries (57), 
the transformer decoder can effectively attend to relevant spatial 
and temporal details, optimizing the alignment of each output with 
the most appropriate image frames and their features.
Training
The HL policy base model was trained on dataset D with the Ad-
amW (58) optimizer, a learning rate of 1 × 10−5, and a weight decay 
of 5 ×  10−2. To improve both convergence and generalization, an 
annealing cosine weight schedule with a linear warmup of five ep-
ochs was applied. We also incorporated data augmentation tech-
niques, including RandAugment (59) and coarse dropout from 
Albumentations (60), to boost visual robustness. Because of our 
specific dataset design, which consisted of multiple individual re-
cordings per task rather than continuous procedure recordings, two 
randomly sampled continuous task recordings were concatenated to 
artificially generate task transitions during HL policy training. To 
encourage the policy to learn a wider range of task semantics, 60% 
of the input sequences began within a recovery mode demonstra-
tion, exposing the policy to varying task executions and recovery 

min
πHL

�(ot−k:t,pt ,ct ,mt )∼D

⎡

⎢

⎢

⎢

⎢

⎣

wp ⋅ LCE
�

πHL

�

p̂t ∣ot−k:t
�

, pt
�

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Task CE loss

⋅ ‖p̂t −pt‖1
⏟⏞⏞⏟⏞⏞⏟

Task L1 distance

+

wc ⋅ LCE
�

πHL

�

ĉt ∣ot−k:t
�

, ct
�
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+wm ⋅ LCE
�
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�
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�

,mt

�
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⎤

⎥

⎥

⎥

⎥

⎦

(1)

Table 2. Dataset summary. Statistics are for the data collected by the two main data collectors (D1 and D2) and in the HL DAgger experiments (Dcorr).

Data collector 1 Data collector 2 HL DAgger

Number of gallbladders 31 3 15

Optimal demonstrations

Number 12,304 885 264

Images 1,472,551 127,325 54,638

Time (s) 49,085 4,211 1,821

Recovery demonstrations

Number 4,904 263 352

Images 704,797 40,297 75,017

Time (s) 23,493 1,343 2,500
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scenarios. During training, we applied a prediction offset, where the 
policy was trained to predict the task instruction 0.5 s into the future 
rather than predicting the current surgical state. This encouraged 
the policy to anticipate upcoming actions and better handle task 
transitions (52). After the HL DAgger dataset Dcorr was collected, 
the HL policy was fine-tuned on the merged dataset D ∪ Dcorr . 
Inference
Every 3 s, the HL policy predicted a new task instruction pt, correc-
tion flag ct, and corrective instruction mt . On the basis of the correc-
tive flag ct, the language instruction provided to the LL policy was 
then either the task instruction pt or the corrective motion mt, as 
defined by Eq. 2

During inference, a human supervisor can override the HL poli-
cy’s outputs via voice command or by selecting a task instruction or 
correction from a drop-down menu in our application GUI. If a 
manual correction was made, then the HL policy outputs were over-
ridden for the next 3 s.

LL policy
Problem definition
The LL policy was formulated as a language-conditioned policy 
πLL

(

at:t+k ∣ot , lt
)

 to predict a sequence of robot actions at:t+k based 
on the current image observation ot and language instruction lt. lt can 
either be pt or mt depending on the correction flag ct. The input ob-
servations include the stereo endoscope’s left image, along with images 
from the left and right wrist cameras. For the action representation, 
we adopted the hybrid-relative action representation from (22), 
which models relative Cartesian translations with respect to the en-
doscope tip and rotations relative to the end effector. This formula-
tion compensates for the dVRK’s kinematic inconsistencies (61), 
leading to more consistent multistep motion predictions. The policy 
was trained using behavior cloning, where the objective is to mini-
mize the L1 loss between the predicted action sequence and refer-
ence actions. The objective function is expressed in Eq. 3

Model architecture
The LL policy was built on a decoder-only, BERT-like Transformer 
(62) that maps visual inputs to robot actions, as shown in Fig. 2B. The 
visual inputs consisted of images from the endoscope and wrist 
cameras, and they were encoded via a pretrained EfficientNet-B3 
(63). The encodings were then fused with language instruction em-
beddings from the HL policy using feature-wise linear modulation 
(FiLM) layers (64). Language instructions were encoded using dis-
tilled bidirectional encoder representations from transformers (Dis-
tilBERT) (65). The fused visual and language embeddings, along 
with positional embeddings, were passed into the transformer de-
coder. The action space was a 20D vector representing the relative 
actions for both robot arms (three for translation, six for rotation, 
and one for jaw angle per arm). Note that, for the rotation, we used 
the 6D rotation formulation (22, 66), where the rotation was repre-
sented by the first two columns of the rotation matrix. Its third col-
umn can be extrapolated by multiplying the first two columns, thus 
recovering the full rotation matrix. With action chunking, the 

decoder outputs a k × 20 tensor given the current observation. To 
optimize performance (57), we predicted robot actions for a 2-s ho-
rizon, resulting in a chunk size of k = 60.
Training
During training, the input images were resized to 224 pixels by 
224 pixels. To prevent overfitting, we applied several data augmentation 
techniques, including random cropping, rotation, shifting, color jit-
tering, and coarse dropout using Albumentations (60). Additionally, 
we applied a 7% random dropout to one of the three input images, 
preventing the policy from overrelying on any single image observa-
tion. To generate corrective language labels from the demonstration 
data, we examined a future chunk of actions and computed the mo-
tion trend along each axis. By comparing the magnitudes of motion 
across axes, we could determine the dominant direction of move-
ment within that action segment and thus assign directional motion 
labels such as “move the left arm to the right” or “move the right arm 
toward me.” The chunk size here was set to 10 because we wanted to 
capture the unit of motion in the collected trajectories. If we set the 
chunk size too small, then the generated instructions would be too 
noisy, and, if the chunk size was too large, then the more delicate 
motions would be ignored. During training, task instructions (e.g., 
“grabbing gallbladder”) were used when sampling from the base da-
taset, and corrective instructions (e.g., “move left arm toward me”) 
were used when sampling from recovery demonstrations. This en-
abled the LL policy to execute appropriate actions when given task 
instructions and recover from failure modes when given corrective 
instructions. The policy contains ~72 million parameters and is 
trained on a single RTX 4090 GPU (24 GB). Each epoch takes 
around 4 min with a batch size of 10, and training runs for 1500 epochs 
(100 hours) before evaluation.
Inference
Inference time to produce a single action was ~20 ms on the same 
hardware. To optimize performance, we set different execution ho-
rizons (the number of actions executed before resampling the LL 
policy) for various phases of the procedure. For the “grabbing gall-
bladder” phase, we found through preliminary experiments that a 
shorter horizon caused the robot to change strategies too frequently, 
leading to hesitation and continuous pose adjustments without fully 
committing to a successful strategy. Setting the execution horizon to 
30 time steps ensured that the robot committed to a single strategy. 
In contrast, for the other phases, we set a shorter execution horizon 
of 20 time steps to enable more frequent replanning. These phases 
required high precision, particularly when maneuvering the right 
arm between the duct and artery. Additionally, manual tool switch-
ing and clip loading between tasks were necessary during experi-
ments. To manage these transitions, we implemented a logic-based 
state machine to automatically pause both the HL and LL policies 
during phase transitions. For instance, the pauses were triggered 
when shifting from “going back from the first clip left tube” to “clip-
ping second clip left tube” or from “going back from third clip right 
tube” to “going to the cutting position on the right tube.”

Statistical analysis
The means computed in Fig. 4 with sample size N and data point x 
were computed using the following equation:

lt =

{

pt , if ct =0

mt , if ct =1
(2)

min
πLL

�(ot ,lt ,at:t+k)∼D

[

‖

‖

‖

πLL
(

ât:t+k ∣ot , lt
)

−at:t+k
‖

‖

‖1

]

(3)

μ =
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N
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