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SurglRL: Towards Life-Long Learning for Surgical Automation
by Incremental Reinforcement Learning
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Abstract—Surgical automation holds immense potential to
improve the outcome and accessibility of surgery. Recent studies
use reinforcement learning to automate various surgical tasks.
However, these policies are developed independently, and their
reusability is limited when applied to other scenarios, making
it more time-consuming for robots to incrementally solve tasks.
Inspired by how human surgeons build their expertise, we pro-
pose Surgical Incremental Reinforcement Learning (SurgIRL).
SurgIRL aims to (1) acquire new skills by referring to external
policies (knowledge) and (2) build an expandable knowledge
base and reuse it to solve multiple unseen tasks incrementally
(incremental learning). Our SurgIRL framework includes three
major components. We first define an expandable knowledge set
containing heterogeneous policies that can be helpful for surgical
tasks. Then, we propose Knowledge Inclusive Attention Network
with mAximum Coverage Exploration (KIAN-ACE), which en-
hances learning performance through extensive navigation of
the knowledge base. Finally, we develop incremental learning
pipelines to expand and reuse a knowledge base and solve multi-
ple surgical tasks sequentially. Our simulation experiments show
that SurgIRL efficiently learns to automate ten surgical tasks
separately or incrementally. We also demonstrate successful sim-
to-real transfers of SurgIRL’s policies on the da Vinci Research
Kit (dVRK). The results represent an initial step towards lifelong
robot learning for surgical automation.

Index Terms—Surgical Robotics: Planning, Medical Robots
and Systems, Reinforcement Learning, Incremental Learning

I. INTRODUCTION

Autonomous robot-assisted surgery has recently attracted
more attention due to its potential to improve the efficacy and
accessibility of surgery. Automation techniques can alleviate
the challenges of minimally invasive surgery, including the
physical and ergonomic challenges of instrumentation, the
training required by practitioners to be competent, as well as
the observed increase in procedural time. However, automating
surgery has yet to be fully realized due to its high-stakes and
complex nature [1], thus requiring further research effort.

Prior studies focus on developing techniques to automate
different surgical tasks, such as suturing [2]-[6], blood suc-
tion [7]-[9], tissue dissection and retraction [10], [11], and
endoscopic camera control [12]-[14]. These techniques in-
clude optimization, visual servoing, imitation learning, and
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Fig. 1: A robot incrementally automates various surgical tasks,
including endoscopic camera control and surgical manipula-
tion. We propose SurgIRL that enables surgical robots to learn
multiple tasks by building a knowledge base with policies from
different sources. The diverse policies learned and successfully
transferred to the real world demonstrate the flexibility and
effectiveness of our framework.

reinforcement learning (RL). RL, due to its less dependence
on specific objective functions and high-quality expert demon-
strations, has become popular in recent years.

Current efforts to automate surgical tasks by RL solve each
task independently from scratch. While the trained policies
can solve their assigned tasks, they are difficult to collect and
form a knowledge base that helps surgical robots learn unseen
tasks. Without collecting diverse policies and organizing them
for future use, it takes a substantially longer time for surgical
robots to automate more complex tasks.

Human surgeons, however, undergo a more efficient process
to gradually develop their expertise. They often observe how
others perform operations, and these external policies, together
with their past experiences, become their knowledge when they
perform surgery on their own [15]. This learning process is
named incremental learning in prior literature [16], [17] since
the knowledge will keep accumulating over time. Incremental
learning is considered a key to efficient learning due to its
flexibility [16], i.e., there is no constraint of when and what
policies can be used to update the knowledge.
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This work explores how a robot incrementally solves mul-
tiple surgical tasks by referring to an expandable knowl-
edge set containing external policies and previously trained
skills (Fig. 1). We propose an incremental learning frame-
work, Surgical Incremental RL (SurgIRL), to achieve surgeon-
level learning efficiency and target capabilities such as
sample-efficient and incremental learning. SurgIRL follows
the Knowledge-Grounded RL (KGRL) [17] formulation and
includes three components. The first component is a knowl-
edge set containing heterogeneous policies that may be helpful
for surgical tasks. This knowledge set will be incorporated
into the learning process and can be arbitrarily expanded
with other policies during training. Next, we propose Knowl-
edge Inclusive Attention Network with mAximum Coverage
Exploration (KIAN-ACE) that maximizes the usage of the
knowledge set during learning, leading to better training
efficiency, performance, and convergence. Finally, SurgIRL
includes incremental learning pipelines that can incrementally
learn surgical tasks regardless of their similarity. SurgIRL’s
flexibility to integrate an expandable knowledge base enables
surgical agents to efficiently learn a sequence of surgical tasks
that require great precision and high dexterity.

We evaluate our SurgIRL agents on ten surgical tasks in sim-
ulation and real-world environments. The simulation results
demonstrate that KIAN-ACE outperforms the state-of-the-art
KGRL method in learning all tasks separately. Moreover,
we show that our incremental learning framework effectively
accumulates knowledge to solve multiple unseen tasks. Our
SurgIRL agents can be continuously deployed to learn more
surgical tasks beyond this work. Lastly, we run all the trained
policies on the real da Vinci Research Kit (dVRK) and show
successful sim-to-real transfers.

Our main contributions are as follows:

1) We introduce SurgIlRL, a KGRL algorithm that enables
surgical robots to build and reuse an expandable knowledge
base when learning multiple tasks incrementally.

2) We propose KIAN-ACE in SurgIRL to update policies and
show that it outperforms the SOTA KGRL algorithm due to
its enhanced knowledge base navigation strategy.

3) We propose incremental learning pipelines in SurgIRL to
sequentially learn surgical tasks with different attributes.

4) We apply SurgIRL’s policies to the real dVRK and show
successful sim-to-real transfer on various surgical tasks.

II. RELATED WORK

Prior work has developed techniques to automate different
surgical procedures. One line of research focuses on optimiz-
ing robot trajectories. For example, [3], [4], [8], [14], [18],
[19] proposed optimization approaches for surgical tasks such
as suturing, needle manipulation, blood suction, endoscope
control, and tissue manipulation. Another line of research
studies how visual information can effectively guide robots
to complete those tasks [2], [6], [7], [11], [20]-[22].

While optimization and visual servoing methods effectively
automate various surgical tasks, they require specific optimiza-
tion objectives or vision modules. To circumvent the need,
prior studies have looked into automating surgical tasks by

learning from demonstrations (LfD). [12] leveraged demon-
strations to learn features of interest in endoscopic images and
guide camera positioning. [23] proposed an LfD-based model
predictive control framework to manipulate soft tissues. [5]
learned surgical action primitives from human demonstrations
and composed them to perform suturing. [10], [24], [25] used
imitation learning to learn fundamental tasks such as tissue
retraction, knot tying, and peg transfer from expert demon-
strations. LfD enables surgical robots to perform human-like
behaviors but requires sufficient high-quality demonstrations,
which are difficult to collect.

RL has recently gained popularity due to its less dependence
on demonstrations. Prior work has proved that RL leads
to success in automating surgical tasks such as tissue ma-
nipulation [26]-[31], needle manipulation [32]-[36], camera
control [13], blood suction [9], and rope cutting [37]. In
addition, [38] presented a context-aware RL framework for
object pick-and-place in surgical environments. [39] showed
how multi-agent RL enables surgical robots to cooperate with
humans. [40] studied how to incorporate safety constraints into
RL for surgical tasks. [41], [42] used expert demonstrations to
improve the sample efficiency when training surgical agents
with RL. Nevertheless, these works focus on using RL to
solve different tasks separately without considering how the
previously developed skills can be accumulated and reused to
build the expertise of surgical agents incrementally. SurgIRL
takes into account this essential learning behavior, aiming for
efficient learning over multiple surgical tasks.

III. METHODS

Our goal in this work is two-fold:

1) improve autonomous surgical agents’ learning efficiency by
flexibly observing various external policies and

2) build and organize an expandable knowledge base and reuse
it to learn unseen surgical tasks incrementally.

We present SurgIRL, a framework that follows the KGRL
formulation, to achieve this goal. We first review the for-
mulation of KGRL and introduce the major components of
SurgIRL: an external surgical knowledge set, a policy-learning
algorithm that incorporates the knowledge set (KIAN-ACE),
and incremental learning pipelines based on KIAN-ACE.

A. Knowledge-Grounded Reinforcement Learning (KGRL)

KGRL [17] is an RL paradigm studying how agents can effi-
ciently learn by referring to an arbitrary set of external policies.
Formally, a KGRL problem is mathematically formulated as
a Knowledge-Grounded Markov Decision Process (KGMDP).
KGMDP is defined by a tuple M = (S, A,T,R,p,7,G),
where S is the state space, A is the action space, T :
S x AxS — R is the transition probability distribution,
R is the reward function, p is the initial state distribution,
is the discount factor, and G is the set of external knowledge
policies. KGRL aims to find an optimal policy 7*(:|;G) :
S — A that maximize the accumulative expected return

T
]Esowp,T,ﬂ* [tho ’Yth] .
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Fig. 2: Visualization of three external knowledge policies for
surgical tasks. The first policy guides a surgical manipulator
to approach an object or move to a point. The second policy
moves an arm with an object in hand toward a target. The
third policy involves two arms trying to hand over an object.

The external knowledge set G contains n knowledge poli-
cies, {mg,,...,mq, }. A knowledge policy can be any state-
action mapping, guiding an agent to explore the environment.
The external knowledge set should be flexibly expandable
and easily shared among different tasks, allowing an agent
to leverage the knowledge with the utmost efficiency.

A KGRL agent should be knowledge-acquirable, sample-
efficient, generalizable, compositional, and incremental [16],
[17]. Our SurgIRL framework follows the KGRL formulation
and aims to achieve incremental learning for surgical agents.

B. Surgical Knowledge Set

SurgIRL includes an expandable external knowledge set,
G, to guide surgical policy learning. We define the initial
G to contain three policies that can be helpful for surgical
manipulation. The first policy guides a surgical manipulator
to approach an object or move to a point. The second policy
moves an arm with an object in hand toward a target. The third
policy involves two arms approaching each other and trying
to hand over an object. Fig. 2 visualizes these policies.

In this work, all tasks share the same number of external
policies initially. These external policies can be irrelevant to
the surgical tasks we considered. For example, the second and
third external policies might not lead to success in endoscopic
camera control when there is no object involved. Irreverent
knowledge policies help an agent explore the environments,
and unifying the external knowledge sets makes it easier to
share and accumulate knowledge over tasks.

C. Knowledge Inclusive Attention Network with mAximum
Coverage Exploration (KIAN-ACE)

We propose KIAN-ACE in SurgIRL that solves tasks by
leveraging an external knowledge set. KIAN-ACE builds upon
Knowledge-Inclusive Attention Network (KIAN) [17] and
improves its efficiency in navigating the knowledge base.

KIAN-ACE adopts the same policy architecture as KIAN, as
illustrated in Fig. 3. A policy has four components: an external
knowledge set, an inner actor, knowledge keys, and a query.
The external knowledge set contains surgical policies intro-
duced in Section III-B and is expandable with other policies.
The inner actor, 7;,(-|;0) : S — A, is a learnable function
approximator that enables an agent to develop skills different
from the external ones. Each external or internal policy is
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Fig. 3: The policy architecture of KIAN-ACE [17]. Given
a state sy, the query ® outputs a vector u;, which attends
each knowledge key, k, to calculate the weight of each policy,
w. These weights are used to perform knowledge sampling.
Finally, an action is generated from the sampled policy, ..

paired with a state-independent knowledge key, k;,, € R% or
kg, € R4 which is a dj-dimensional learnable embedding
that represents the policy. Knowledge keys encode all policies
in a unified representation space, allowing the knowledge set
to consist of policies in diverse forms. Finally, the query,
®(-;¢) : S — R, is a learnable function approximator that
outputs a di-dimensional vector, uy, given a state. This output
and the knowledge keys will be used to perform knowledge
sampling during training.

KIAN-ACE generates actions through embedding-based at-
tention [17], predicting the weight of each policy as:

u = @(Sﬁ(ﬁ), Wt in = (ut . kin)/ct,in7 (D
Wt,g; = (ut 'kgj)/cfng, V] € {17“-7”}7 2)

where ¢; i, € R and ¢; 4, € R are normalization factors. Then,
an agent performs knowledge sampling to select a policy based
on these weights using Gumbel softmax [43]:

e ~ gqumbel_softmax([Wein, Wegys- - W] ). (3)

Finally, an action is sampled from .(-|s;). Note that all
learnable components, including the inner actor, knowledge
keys, and the query, can be updated by any policy-gradient
algorithm. External policies are not updated to prevent im-
pacting previously solved tasks and to limit knowledge base
growth. This work uses maximum entropy algorithms such as
Soft Actor-Critic (SAC) [44] to encourage knowledge usage.
KIAN-ACE and KIAN differ in how they update policies
and navigate knowledge sets. KIAN’s learning objective is

" = arg mgXZEW [Re + aH (7 (-[se))], )
t

H(w([se)) = Y m(ails:) log m(ailse), )
where @ € R is a hyperparameter, and H (7 (-|s;)) is the
entropy of the policy approximated by multiple action sam-
ples. In maximum-entropy exploration, KIAN purely relies on
maximizing the randomness of the sampled actions, which can
lead to the weights, [w¢ ;, Wyg, ... Wy, ], being highly bi-
ased [17]. Biased weights result in an agent not leveraging the
knowledge set enough to achieve efficient learning. Therefore,
we propose also to maximize the randomness of knowledge
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Fig. 4: SurgIRL’s three pipelines to learn Task A and Task B incrementally. The dotted blocks indicate the components reused
from one task to another. A robot can switch between multiple pipelines based on tasks’ state/action spaces and similarity.
Reuse Knowledge Keys suits tasks with different state/action spaces. Reuse Knowledge Keys and Query suits tasks with the
same state/action spaces but with different environmental dynamics. Reuse All suits tasks with greater similarity.

sampling during maximum-entropy exploration. The objective
of KIAN-ACE becomes

Tt = argmaxZIE7T [Re + aH(m(:|s¢)) + BH(W)], (6)
t
Wi = softmax([We in, We.gys-- - We,g,]" ) )
H(Wi) = —tin - 1ogiin — D g, - logdsg,, ®)
j=1

where 8 € R is a hyperparameter. By adding the term H (W),
the weights of all knowledge policies become more uniform.
Uniform weights ensure that an agent maximizes the usage
(coverage) of the knowledge set during exploration.

The value of [ controls the degree of knowledge set
coverage. Higher (3 encourages navigating the knowledge set.

D. Decay of

As an agent gets better at a task, it explores the knowledge
set less frequently and focuses more on maximizing the
expected return, mirroring the exploration-exploitation trade-
off observed in general RL. Prior literature has shown that this
trade-off can be task-dependent, and the learning process can
be sensitive to the speed of decaying exploration [45].

We propose different scheduling functions to decay ( in
(6) throughout the training process. We aim to study their
effectiveness on tasks with different levels of difficulty.

ﬂlinear(t) = maX(l - %ta Ce)v )
ﬁcosine(t) = max (% (1 + COS(%”))zce) ) (10)
ﬁezp(t) = 677t + Ce, (11)

where ¢ is the current timestep, 7' is the total number of
timesteps, v € R is a constant that determines the decay
rate, and c. € R is a constant that ensures some exploration
throughout the training process, leaving room for further
improved performance. Equation (9) is a linear decay function
that follows a fixed decay rate; (10) is a cosine annealing
function, which leads to a slower decay rate in the early
training stage and a faster rate in the late training stage; (11)
is an exponential decay function, which leads to a faster decay
rate in the early training stage and a slower rate in the late
training stage. The characteristics of these decay functions are
also discussed in prior literature [46].

We investigate through experiments the effectiveness of
these decay functions when learning with KIAN-ACE. We
expect that for simple tasks, a function decaying faster in
the early training stage will lead to better performance; for
challenging tasks, a decay function with a slower decay rate
is more likely to guide an agent to find an optimal policy.

E. Incremental Learning for Surgical Tasks

In SurgIRL, we present incremental learning pipelines based
on KIAN-ACE’s model architecture to expand and organize a
knowledge set. This knowledge set can further benefit multiple
surgical tasks by reusing (1) the previously observed or learned
policies, (2) their internal relationships, and (3) the knowledge
set navigation strategies.

In KIAN-ACE, the reusable knowledge includes the exter-
nal/inner policies, the knowledge keys, and the query. External
and internal policies are previously developed skills that can
help explore new environments. A knowledge key encodes
a policy to a representation space shared by all policies,
enabling an agent to identify their internal relationships. A
query informs an agent which policies are more helpful for a
task. Knowledge keys and queries together guide an agent to
navigate a knowledge set.

We propose three incremental learning pipelines that reuse
different components of KIAN-ACE to achieve knowledge
accumulation. A robot can adopt any of them or switch
between multiple pipelines when learning a sequence of tasks.
Here, we describe potential scenarios of using each pipeline
based on the state/action and task similarity.

1) For tasks with different observation/action spaces, an
agent can only reuse knowledge keys, which are state-
independent, to acquire the relationships between policies.

2) For tasks with the same space but with different environ-
mental dynamics, an agent can reuse knowledge keys and
queries to efficiently navigate a knowledge set.

3) For tasks with greater similarity, an agent can reuse all
components to take full advantage of prior knowledge.
Fig. 4 visualizes the incremental learning pipelines. To further
streamline the incremental learning process, task similarity
measures, such as [47], can be integrated to determine task
relationships and select appropriate pipelines. We leave this
integration as future work. Note that there is no limitation
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Fig. 5: Visualization of the decay functions with different val-
ues of v and the corresponding learning curves. In StaticTrack
(simple), the exponential decay function with a larger ~y results
in better training efficiency. In PegTransfer (challenging), a
constant 3, i.e., the exponential decay function with v = 0,
slightly outperforms other decay functions.

on the number of tasks learned incrementally or their order.
The freedom to learn any sequence of tasks highlights the
flexibility of our SurgIRL framework.

IV. EXPERIMENTS AND RESULTS

We evaluate our SurglRL framework on ten surgical
tasks [48]. These tasks include (1) controlling surgical ma-
nipulators, such as a patient side manipulator (PSM) and an
endoscopic camera manipulator (ECM), (2) object manipu-
lation, such as gauze retrieval, needle pickup, peg transfer,
bimanual needle regrasping, and bimanual peg transfer, and
(3) camera viewpoint control and object tracking.

A. Training Setup

We train SurgIRL agents in the simulation platform Sur-
RoL [48]. We modify some environments in SurRoL for sim-
ulation and training stability. In GauzeRetrieve, NeedlePick,
PegTransfer, NeedleRegrasp, and BiPegTransfer, a policy does
not control whether a gripper is closed/opened. A gripper is
automatically closed whenever its distance to an object is
smaller than a threshold, which ranges from 0.01 to 0.1 in
different tasks. Similarly, a gripper is automatically opened
whenever the distance between an object and the goal is
smaller than 0.01, or the other gripper holds the object.
Additionally, we design a dense reward function as follows:

Rt = —Cog " diog — Cro At ro — Crg - dirg — P+ 20 - success, (12)
where d¢ oq, dt ro, and d; .4 € R are the object-goal distance,
robot-object distance, and robot-goal distance, respectively,
Cog, Cro» and ¢,y € R are the coefficients of these distances,
p € R>¢ is the penalty when collision happens, and success
indicates whether the task is successfully completed. The
values of ¢,4, Cro, and ¢, lies within {0, 1}, and p € {0, 2}.

B. Simulation Experiments

1) Experimental Setup: We compare the performance of
four different algorithms: external policies as introduced in
Section III-B, RL (SAC [44]), KIAN [17], and our KIAN-
ACE. KIAN and KIAN-ACE use SAC to perform actor-critic
policy learning. The actor architecture of RL and the inner

actor architectures of KIAN and KIAN-ACE are multi-layer
perceptrons (MLPs) with three hidden layers and a hidden size
of 512 units. The dimension of each knowledge key dj, = 4.
The query network is an MLP with three hidden layers and a
hidden size of 64 units. The actor learning rate ranges from
5 x 107° to 3 x 10~*. The entropy coefficient o lies within
{1071,1075} or can be automatically tuned [44].

2) Analyses of Exploration Decay: We first study how the
speed of decaying exploration affects KIAN-ACE’s learning
performance. We test the linear, cosine, and exponential decay
functions proposed in Section III-D on a simpler environment,
StaticTrack, and a more complex one, PegTransfer.

Fig. 5 visualizes each decay function with different values
of v and their corresponding learning curves. Each error band
in Fig. 5 represents the 95% confidence interval. In Static-
Track, the exponential decay function, Besp (t), with a larger
v outperforms others. In PegTransfer, the decay functions
that decay slower in the early training stage perform better.
Additionally, we found that a constant § without decay, i.e.,
the exponential decay function with v = 0, leads to a slightly
better result. These observations align with our expectation
that for simple tasks, 8 should decay faster in the early training
stage to achieve better training efficiency, and a non-decaying
[ ensures sufficient exploration to master more complicated
tasks. Since the exponential decay function, S.,,(t), generally
outperforms others, we use it for the subsequent experiments
with v lying within {0,2 x 1074}.

3) Single-Task Learning: Fig. 6 shows the learning curves
of each task trained separately. Each error band in Fig. 6
represents the 95% confidence interval. KIAN-ACE achieves
the best performance and sample efficiency in all tasks. The
improvement is more evident in challenging tasks such as
NeedleRegrasp and BiPegTransfer. In addition, the error bands
of KIAN-ACE are smaller than those of other methods,
indicating that its training results are more consistent.

4) Incremental Learning: We evaluate SurgIRL’s incre-
mental learning pipelines, as introduced in Section III-E,
by dividing the ten surgical tasks into four groups. Table I
shows each group’s task sequence, task similarity, and the
incremental learning pipeline used. The policy of the first
task in each group comes from Fig. 6. We perform the
following modifications to the incremental learning pipelines
or environments based on our understanding of the surgical
tasks: For tasks in Group 2, we only reuse kg, and kg, instead
of all external knowledge keys due to the last external policies
of these tasks being inconsistent. For GauzeRetrieve in Group
3, we do not reuse the inner actors of previous tasks since
the object dynamics of a gauze is very different from that of
a needle or a cube. For tasks in Group 4, we unify the state
space of StaticTrack and ActiveTrack so that the query and
inner actor can be reused between them.

Fig. 7 shows the learning curves of each task trained incre-
mentally. Our SurgIRL framework successfully learns multiple
surgical tasks in sequence and achieves better or similar results
compared to other single-task agents. For tasks with greater
similarity, such as NeedlePick and PegTransfer in Group 3 and
StaticTrack and ActiveTrack in Group 4, incremental learning
can effectively improve the training efficiency. Otherwise,
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Fig. 6: The performance of external policies, RL [44], KIAN [17], and KIAN-ACE in single-task learning. KIAN-ACE
outperforms other methods and has more consistent training results, demonstrating the effectiveness of its exploration strategy.
TABLE I: Incremental Learning Experimental Setup

Group Task Sequence Task Similarity Incremental Learning Pipeline (Fig. 4)

1 MisOrient, ECMReach, NeedleReach Different observation/action spaces Reuse knowledge keys

. Same observation/action spaces
2 NeedleRegrasp, BiPegTransfer but different environmental dynamics Reuse knowledge keys and query
3 NeedlePick, PegTransfer Greater Similarit Reuse all components
GauzeRetrieve y GauzeRetrieve does not reuse inner actors

4 StaticTrack, ActiveTrack Greater Similarity Reuse all components

e - T — [ e G TABLE II: Performance of SurgIRL agents on the real dVRK

Group 1 - NeedleReach-v0 Group 2 - BiPegTransfer-v0
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Fig. 7: Incremental learning results. Overall, SurgIRL per-
forms better or comparable. The improvement is more evident
for similar tasks. Note that our SurgIRL agents can be contin-
uously improved by training in more surgical tasks.

an agent needs enough interaction samples to succeed in
an unseen task. Moreover, if the environmental dynamics in
two tasks differ, such as NeedleRegrasp and BiPegTransfer
in Group 2 and PegTransfer and GauzeRetrieve in Group 3,
reusing the query does not always provide helpful informa-
tion on navigating the knowledge set, leading to comparable
results. However, our SurgIRL agents can be continuously
improved by training in more surgical tasks, opening the door
to life-long surgical learning.

C. Real-Robot Experiments

1) Experimental Setup: We deploy the trained SurgIRL
policies on a real dVRK [49] to demonstrate the sim-to-real
transferability. A PSM attaches a Large Needle Driver that

GauzeRetrieve  NeedlePick  PegTransfer
Success Rate 20/ 20 19720 20/ 20
NeedleRegrasp BiPegTransfer
Success Rate 18720 20 /20
StaticTrack ActiveTrack
Position Distance (mm) 2.22 4+ 0.54 3.22 +0.34
Pixel Distance 29.86 4+ 12.91 28.31 +13.82

interacts with the suture needles, gauze, or blocks. An ECM
holds a 1080p stereo endoscope that runs at 30 fps.

We run prior visual tracking methods to provide an input
state, s, to a policy. The PSM’s end-effectors and needles are
tracked with [50]-[52], which run at 20fps. We use Segment
Anything Model (SAM) [53] and Cutie [54] to obtain real-time
needle detections. The gauze and blocks are detected using
ArUco markers [55]. The ECM’s end-effector is detected in
its base frame using forward kinematics.

2) Experimental Results: We evaluate the best-performed
models in Fig. 7 on the real dVRK. Table II shows their suc-
cess rate or distance to the goal, and Fig. 8 demonstrates that
our SurgIRL agents successfully automate multiple surgical
tasks. We run 20 trials for each task. Note that we do not
specifically evaluate MisOrient, ECMReach, and NeedleReach
since they are subtasks of other tasks. Our SurgIRL policies
achieve over 90% success rate on all PSM tasks, demonstrating
effective sim-to-real transfers.

For ECM tasks, the goal is to move the camera such that
a suture needle appears at the center of an image. After the
ECM’s motions are stabilized, we record the camera’s distance
to the goal in the 3D and image spaces. The positional errors
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Fig. 8: Our SurgIRL agents demonstrate successful sim-to-real transfers across diverse surgical tasks using a real dVRK.

Failed NeedlePick

[Failed NeedleRegrasp]

Fig. 9: Failed needle manipulation in real-world environments.
The failures are due to inaccurate tool localization.

are below 4mm for all trails, and the pixel errors are below
40 for StaticTrack and below 60 for ActiveTrack. The main
reasons for these errors are (1) the goal might be out of the
ECM'’s reachable space and (2) the ECM’s motors do not
provide enough torque to reach the desired pose. However,
these errors are not significant.

Since we do not consider environmental uncertainty when
we train SurgIRL policies in this work, the failure cases in
real-world environments can be attributed to inaccurate pose
tracking. As shown in Table II and Fig. 9, inaccurate pose
tracking affects suture-needle manipulation tasks more than
others. Detecting a needle in an image is more challenging
because it is highly reflective under light and very thin.

V. CONCLUSION AND FUTURE WORK

We introduce SurgIlRL, a surgical incremental learning
framework aiming to (1) learn new surgical tasks by refer-
ring to a set of external policies and (2) build and reuse
a knowledge base to solve unseen tasks incrementally. Sur-
g¢IRL contains external surgical policies, a policy update
algorithm, KIAN-ACE, leveraging external policies and im-
proving knowledge base navigation efficiency, and incremental
learning pipelines to expand and reuse a knowledge base for a
sequence of surgical tasks. We demonstrate the effectiveness
of SurgIRL in simulation and on a real dVRK.

Future work includes (1) integrating cross-embodied policy
learning methods, such as [56], into SurgIRL for cross-
platform generalization, and (2) filtering non-helpful knowl-
edge policies while retraining informative ones. This work
serves as a first step in surgical incremental learning, and we
hope it opens the door for building lifelong surgical agents.
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