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Abstract

We propose a framework for surgical robot task learning that leverages large-scale human
Activities of Daily Living (ADL) datasets to mitigate the scarcity of surgical training data.
Surgical robot learning is uniquely constrained: datasets are limited, costly, and unsafe to
collect at scale. In contrast, the robotics community has curated extensive ADL datasets
capturing motor behaviors such as food preparation and tool use. Our key insight is that
these datasets encode transferable visuomotor primitives—such as instrument manipulation
and hand—eye coordination—that parallel the basic skills underlying surgical maneuvers.
Inspired by how surgeons develop expertise by first mastering everyday skills before refining
them in the operating room, we leverage ADL data to pretrain representations for surgical
robot learning. To address task variability and embodiment differences, we design a modular
deep successor feature architecture that learns predictive state representations from ADL
tool-use and adapts them to surgical domains. Unlike prior approaches that depend solely
on limited surgical data, our framework enables large-scale offline pretraining on abundant
non-surgical datasets while supporting efficient reinforcement learning during deployment.
We validate the framework on the da Vinci Research Kit (dVRK) in both simulation and
real-world settings, showing that pretraining on ADLs accelerates adaptation with limited
surgical data and improves sample efficiency compared to imitation learning and reinforce-
ment learning baselines. While our current evaluation emphasizes a subset of fundamental
surgical tasks, our results provide initial evidence that ADL pretraining offers a principled
and scalable pathway toward data-efficient and safe autonomous surgical robot learning.

1 Introduction

Autonomous robotic surgery holds promise for advancing surgical practice by improving precision, dexterity,
and consistency while supporting minimally invasive procedures that shorten recovery and reduce compli-
cations (Brodie & Vasdev, 2018). Automating skills such as suturing (Feng et al., 2023), tissue retraction
(Singh et al., 2023), tumor resection (Ge et al., 2023), debridement (Sefati et al., 2021), ultrasound scan-
ning (Deng et al., 2021), and suctioning (Richter et al., 2021) can reduce surgeon workload, standardize
techniques, and enhance outcomes (Sridhar et al., 2017).

Although online reinforcement learning (RL) has been successfully applied to robotic manipulation tasks in
general (Mahler et al., 2019; Zhu et al., 2020), the limited availability of surgical robots and the stringent
safety requirements of clinical settings make direct RL training for surgical tasks particularly challenging (Xu
et al., 2021; Barnoy et al., 2021). Consequently, most existing approaches rely on learning from demonstra-
tions (LfD) (Kim et al., 2020; Pore et al., 2021; Amirshirzad et al., 2021). However, curated surgical datasets
remain scarce and expensive, as they require surgeons to provide demonstrations, high-fidelity annotations,
and specialized data collection pipelines that comply with strict safety regulations (Schmidgall et al., 2024;
Kim et al., 2024; Sridhar et al., 2017). This mismatch between the high data demands of current methods
and the practical constraints of clinical practice underscores a fundamental bottleneck for advancing surgical
robot learning.



Under review as submission to TMLR

Q
@ Develop

4 =
R £8 K&

Figure 1: Expert surgical skills can be progressively developed from everyday human tool use. Daily activities
such as cooking, crafting, and cleaning cultivate fundamental motor skills and tool-handling abilities, which
can be transferred and refined into advanced surgical skills required for surgical procedures.

In contrast, large-scale datasets of human Activities of Daily Living (ADLs) provide a rich source of fine-
motor tool-use and object manipulation skills (Huang & Sun, 2019; Petrich et al., 2022). Although ADL
and surgical tasks differ in context, they share structural similarities in motor dynamics. Prior work has
shown that coordination in daily activities can support dexterous robotic skill development (Agarwal et al.,
2021; Grollman & Billard, 2011), reflecting how surgeons build expertise on basic motor skills acquired
through everyday practice (Kim et al., 2020). Surgical expertise is not innate but develops gradually: years
of practicing basic motor behaviors lay the groundwork for dexterity, and continued engagement in surgical
procedures further sharpens this proficiency (as in Fig. 1). Motivated by this parallel, we formulate surgical
robot learning from ADL data as a problem of learning transferable representations that encode motor
primitives. Instead of collecting costly surgical datasets, our approach leverages abundant ADL data to
pretrain manipulation primitives and then adapts them to surgical domains with minimal supervision.

We introduce a framework for surgical robot task learning through cross-domain motor transfer from hu-
man ADL datasets. Our method learns predictive and transferable state—action representations using deep
successor features (Barreto et al., 2017; 2018), which decouple dynamics from rewards to enable motion
reuse across tasks. By training on abundant ADL data, we extract motor primitives that can be adapted to
surgical domains. During deployment, these representations support rapid policy refinement on real surgical
robots, reducing reliance on scarce, task-specific demonstrations. This enables fast, safe, and data-efficient
policy improvement, shifting the emphasis from task-specific supervision toward generalizable sensorimotor
skill abstractions.

We evaluate the proposed framework on the da Vinci surgical robot, focusing on two clinically essential ma-
nipulators: the Patient Side Manipulator (PSM) for tool control and the Endoscopic Camera Manipulator
(ECM) for camera guidance. While large-scale ADL datasets provide diverse tool-use and motor activity
recordings, fine-grained hand motion trajectories are less frequently captured. To align with the available
data, we select representative surgical tasks—PSM reaching a target manipulation area and ECM localiz-
ing/tracking a surgical view—that emphasize transferable motor dynamics. We conduct both simulation and
real-world experiments, demonstrating that ADL-based pretraining substantially accelerates surgical robot
task learning. To further analyze robustness, we perform ablation studies across different ADL categories,
modular decomposition strategies, and module counts. Experimental results consistently show rapid and
data-efficient adaptation, underscoring the strong potential of cross-domain motor transfer for scalable and
safe surgical robot task learning. Our key contributions are:

(1) We present the first framework that systematically transfers motor skills from large-scale human
ADL datasets to surgical robot task learning, alleviating the bottleneck of scarce expert surgical
demonstrations and establishing ADLs as a scalable pretraining resource.

(2) We introduce a modular successor feature-based representation learning method that disentangles
dynamics from rewards, capturing transferable motor primitives across ADL and surgical domains
and supporting efficient policy generalization under embodiment differences.

(3) Through extensive simulation and real-world experiments on the dVRK, we demonstrate that ADL
pretraining accelerates adaptation and yields consistently higher sample efficiency than imitation
learning and reinforcement learning baselines, providing initial evidence that cross-domain motor
transfer is both practical and effective for data-limited surgical settings.
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2 Related Works

Structured Priors and Model-Based Control. Classical controllers introduce strong inductive biases
into surgical automation by exploiting explicit kinematic and dynamic models together with task-specific
constraints, such as haptic-guided shared control (Selvaggio et al., 2019), virtual fixtures (Marinho et al.,
2020), and visual needle guidance (Ozgiiner et al., 2021). While effective under calibrated conditions, these
approaches depend heavily on hand-crafted task models and repeated parameter tuning, which restrict
scalability in variable clinical environments. In contrast, our framework eliminates the need for manual
modeling by learning sensorimotor primitives directly from human ADL datasets and adapting them to
surgical robot task learning.

Reinforcement Learning for Surgical Robot Task Learning. Reinforcement learning (RL) provides a
framework for training surgical policies through trial-and-error interaction without requiring expert demon-
strations. Prior studies have applied RL to tissue manipulation (Shahkoo & Abin, 2023), deformable object
control (Scheikl et al., 2022), ultrasound probe navigation (Bi et al., 2022), and human-in-the-loop control
frameworks (Long et al., 2023). While these works demonstrate the potential of RL, allowing surgical robots
to interact directly with tissue is both high-risk and highly sample-inefficient, making online RL impractical
in clinical settings. In contrast, our approach reduces the need for extensive on-robot exploration by pre-
training transferable motor primitives on abundant ADL datasets and then adapting them to surgical robot
task learning. This shift from interaction-heavy policy search to representation-based transfer enables safer,
faster, and more data-efficient task learning.

Reward Learning Approaches. Our work is related to reward learning in that both aim to reduce re-
liance on dense, hand-crafted supervision in robotic policy learning. Inverse reinforcement learning (IRL)
seeks to infer reward functions from expert demonstrations, with classic formulations recovering policies
through apprenticeship learning and addressing ambiguity via maximum-entropy objectives (Abbeel & Ng,
2004; Ziebart et al., 2008; Ng et al., 2000). Although these methods have advanced reward learning, their
applicability to surgical robotics is constrained by the scarcity and cost of high-quality surgeon demon-
strations. In contrast, our framework circumvents this dependence by extracting motor primitives from
abundant non-surgical ADL datasets and adapting them to surgical tasks through lightweight fine-tuning
with minimal online interaction. This positions our method as complementary to reward learning: while
reward learning infers objectives from scarce demonstrations, we shift the supervision source to scalable
ADL-based pretraining, directly addressing the data bottleneck in surgical robot task learning.

Learning from Demonstrations. Learning from Demonstrations (LfD) is a central paradigm in sur-
gical robotics, enabling systems to imitate expert trajectories from curated datasets. Approaches range
from probabilistic movement primitives (Su et al., 2021), to trajectory segmentation (Pan et al., 2022), to
diffusion-based imitation of deformable tissue manipulation (Scheikl et al., 2024). Yet L{D is fundamentally
constrained by the difficulty of acquiring surgical demonstrations, which are costly, logistically complex,
and limited by surgeon availability (Schmidgall et al., 2024; Sridhar et al., 2017). Our framework miti-
gates this dependency by leveraging large-scale ADL datasets (Petrich et al., 2022; Huang & Sun, 2019),
enabling surgical robot task learning to be initialized from transferable sensorimotor primitives and adapted
to downstream surgical tasks with reduced reliance on expert data.

Foundation Models. Foundation models demonstrate that large-scale datasets can drive transferable rep-
resentations for diverse downstream tasks in language and vision (Wiggins & Tejani, 2022). In robotics, such
models have achieved cross-embodiment and multi-modal transfer (Reed et al., 2022; Brohan et al., 2022).
However, these approaches typically require vast amounts of synchronized sensorimotor demonstrations,
which are infeasible to obtain in safety-critical surgical contexts. Our work provides a scalable alternative:
instead of relying on massive task-specific datasets, we exploit widely available human ADL datasets as a
safe surrogate for pretraining transferable representations for surgical robot task learning.

Representation Learning. Central to our method is representation learning that separates environment
dynamics from task rewards. Successor features (SF)(Barreto et al., 2017; 2018) provide a principled mech-
anism for this decomposition: dynamics are encoded via expected feature accumulations, while rewards
are computed using linear weights. Extensions such as universal SFs and generalized policy improvement
(GPI)(Borsa et al., 2018) support multi-task reuse and transfer under reward variation. In robotics, SF-based
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Figure 2: Comparison of different approaches for skill learning. Structured model-based control relies on
hand-crafted priors but lacks adaptability; reinforcement learning enables online interaction but requires
large-scale environment data; reward learning depends on offline task-specific datasets; imitation learning
achieves efficiency with expert demonstrations but lacks generalization; and foundation models leverage
large heterogeneous datasets but remain costly and surgery-specific. In contrast, our method leverages
human ADL datasets to learn transferable state-action representations without requiring expert surgical
data, providing high generalization ability and efficiency for surgical task skill learning.

transfer has been studied for goal generalization (Zhang et al., 2017), but applications to surgical robotics
remain limited due to data scarcity and embodiment mismatch. Our contribution is to instantiate deep SFs
for surgical robot task learning by pretraining state—action features on ADL tool-use behaviors and adapting
them with minimal surgical supervision.

To provide a holistic comparison, Figure 2 contrasts existing approaches across key dimensions, where our
method stands out by leveraging human ADL datasets to achieve both high generalization and low data
requirements.

3 Background and Problem Setup

Problem Setup. We formulate surgical robot task learning as a problem of cross-embodiment and cross-task
transfer from human Activities of Daily Living (ADLSs). Specifically, we define two Markov Decision Processes
(MDPs): a source-domain MDP for ADL behavior and a target-domain MDP for surgical robot tasks. The
ADL MDP is defined as Mapr, = (SapL, AADL;, PADL; "ADL; YADL ), Where Sapr, and Aapr, represent human-
centric states and actions (e.g., hand postures, tool-use motions), Papy, specifies the transition dynamics, and
rapr, is a task-specific reward. The surgical MDP is defined as Mgug = (Ssurg, Asurg: Psurg, "Surg, YSurg)»
where the state and action spaces correspond to robot kinematics and surgical control contexts.

Although the two domains differ in embodiment, observation spaces, and task objectives, we hypothesize
that they share common low-level motor control structures. To capture this shared structure, we learn
a transferable embedding function f : (s,a) — R? that maps state-action pairs from ADL tasks into
a latent space encoding sensorimotor dynamics. The function f is trained across a diverse set of ADL
tasks {Mhpp, Mipp,---}, each with a different reward function iy, such that the learned embedding
generalizes across tasks with varied goals but similar motion patterns.

Our objective is to transfer this motor-centric embedding space to the surgical domain and use it to guide the
learning of a surgical policy Tsurg(@Surg | Ssurg) that maximizes expected cumulative reward in Mgy,. By
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Figure 3: Hlustration of our proposed framework for robotic surgical skill acquisition via motor knowledge
transfer. Human ADL datasets encompass a broad spectrum of manipulation behaviors, including tool use
and fine-motor tasks. Although ADL and surgical tasks differ in semantic goals and environments, they share
underlying motor control structures. Our approach leverages these shared dynamics to learn transferable
representations that enable efficient policy adaptation in surgical domains.

reusing motor knowledge distilled in f, the framework enables fast adaptation in data-constrained surgical
settings, thereby reducing reliance on large-scale expert demonstrations and supporting sample-efficient
learning from minimal in-domain interactions.

Transfer with SF & GPI: A central question in our formulation is whether there exists a function
f: (s,a) — R? that can map state-action pairs from the ADL domain into a low-dimensional latent space
that captures generalizable motor dynamic patterns. If such a representation exists and can be learned from
diverse ADL tasks, it opens the possibility of transferring these latent vectors to a different domain, such
as surgical robotics, where the goal is to efficiently learn a control policy Tsurg(@surg | Ssurg) With minimal
online interaction samples.

To instantiate this function f, we adopt the framework of successor features (SFs), a class of predictive
representations in reinforcement learning known to support transfer across tasks with shared dynamics
but differing reward structures (Momennejad, 2020; Barreto et al., 2017). SFs decompose the action-value
function into a product of two components: one capturing environment dynamics and the other encoding
task-specific rewards. Formally, the reward associated with a transition (s, at, $¢+1) is given by:

7(Sty @ty $141) = B84, ar, 8141) ' W (1)

where ¢(s¢, ar, St41) € R¢ denotes a feature vector characterizing the transition, and w € R¢ are task-specific
weights. These features ¢ reflect motor dynamics that are agnostic to task semantics and thus provide the
structure necessary for transfer.

The state-action value function under policy 7 can be rewritten as:
o0
Q" (st,ar) = E” 271_%(5%@1‘) | St = s, Av=ar| =9 (s, a0) "W (2)
i=t

where ¥ (s¢,a;) = Eg [Z;’io Vi (stai, apri, st+i+1)] is the successor feature corresponding to (s¢,a;) under
policy m. The vector )™ encodes expected discounted dynamics and is thus invariant to task-specific reward
structures.

The standard formulation of successor features relies on the assumption that the reward function is a lin-
ear combination of the feature vector, i.e., r(ss, as, $41) = (54, ar, 5¢41) ' w. While this linearity simplifies
transfer, it may be restrictive in complex settings like robotic surgery. To overcome this, deep successor fea-
tures (DSFs) (Barreto et al., 2018) extend the original formulation by learning nonlinear feature embeddings
via deep neural networks, enabling richer representations of motor dynamics.

In our framework, successor features are learned from a diverse set of ADL tasks {M; }, each differing
in reward function but sharing similar underlying dynamics. These learned features can be reused in the
surgical target domain Mgy, using Generalized Policy Improvement (GPI) (Barreto et al., 2018). Given a
set of source policies {m; };*#* with their corresponding successor features {1)™ (s, a)}, the optimal action in
a novel surgical task with reward weights wiest is selected by:
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7(8t; Whest) = arg max iG{l,I?jaiimm} {wzfz’(st, a)thest} (3)
This policy selection strategy enables the surgical robot to generalize across tasks by evaluating candidate
actions under previously learned source policies and selecting the one predicted to perform best. In doing so,
the robot can adapt rapidly to new surgical scenarios by leveraging latent motor knowledge distilled from
ADL datasets, without relying on extensive task-specific demonstrations. This establishes a scalable and
sample-efficient pathway for bridging reusing human ADL task dataset in data-constrained surgical robot
task learning.

Challenges. While successor features (SFs) have demonstrated effectiveness in multi-task transfer, prior
applications have largely been restricted to consistent embodiment settings. Transferring motor knowledge
from human ADL datasets to robotic surgical tasks introduces two key challenges: embodiment mismatch
and reward uncertainty.

First, Mapr and Mgy, differ fundamentally in embodiment. Human motion is high-dimensional, flexi-
ble, and enriched by proprioceptive feedback, whereas surgical robots operate in constrained workspaces
with task-specific end-effectors. As a result, SFs ¢}, learned from Dapr, may not directly generalize to
Ssurg, Agurg due to representational misalignment.

Second, unlike standard SF+GPI settings where the reward weights wiesy of the target task are assumed
to be known, robotic surgical tasks only provide the task rewards rgus. Without explicit knowledge of
a reward vector, directly applying GPI to construct high-performing surgical policies becomes infeasible.
Furthermore, in Mgy, selecting which source ADL tasks M’ 5, to reuse remains a non-trivial problem.

4 Method

To address the challenges of cross-embodiment and cross-task transfer from human ADL domains { M’ p; } to
surgical robot tasks Mgy, we decompose the problem into three key components: representation learning,
skill composition, and reward adaptation. Together, these components establish a modular successor feature
(SF) framework (Carvalho et al., 2023) that enables transferable state-action representations and efficient
policy adaptation.

1. Representation Learning. We first construct a shared latent space Z C R? by learning deep
successor features (SFs) 9™ (s,a) from a set of source ADL tasks {M¥;}. Each value function
factorizes as Q™ (s,a) = ¥™ (s,a) "w’, where w' € R? are task-specific reward weights and ¢(s, a, s')
is a shared transition feature embedding. This decoupling isolates transferable dynamics in ),
allowing reuse across ADL tasks with different rewards 7% ,; and providing a foundation for cross-
domain transfer.

2. Skill Composition. Each learned SF 9™ captures a reusable motor primitive from a source task
M 1. To transfer these primitives to Megurg, we aggregate {¢)™ } using a learned attention mech-
anism that prioritizes the source features most relevant to the surgical domain. This composition
produces a set of candidate policies aligned with surgical dynamics, enabling flexible adaptation
without retraining from scratch.

3. Reward Adaptation. With limited interaction data Dgyyg, We estimate the reward vector wsyurg
for Mgurg via supervised regression on (s,a,r) tuples. Equipped with wgue, we apply Generalized
Policy Improvement (GPI) to synthesize an adapted surgical policy:

m(s) = arg max max¢™ (s,a) Wsurg- (4)
a€Asurg @
This mechanism leverages transferable motor structure in Z to achieve rapid and data-efficient
adaptation, bypassing the need for extensive task-specific demonstrations.

This modular SF framework allows compositional transfer of motor knowledge distilled from diverse human
tool-use behaviors, providing a principled pathway to scalable and data-efficient surgical robot task learning.
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Figure 4: Overview of the proposed framework. Human Activities of Daily Living (ADL) datasets (e.g., DIM
dataset (Huang & Sun, 2019)) are first used for offline training, where deep successor features are learned to
construct a predictive state—action representation space. Each learned module captures transferable motor
dynamics across diverse tool-use behaviors. In the skill transfer phase, these modules are combined and
adapted to surgical domains, where online updates of reward weights enable efficient policy improvement.
This process allows surgical robots to leverage motor knowledge from ADL data for fast, scalable, and data-
efficient task learning.
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4.1 Offlien Training of Successor Features on Human ADL Data

To enable cross-domain transfer to surgical robot tasks, we first learn transferable motor representations from
a diverse set of human ADL tasks { M, }7 ;. Each task is defined as an MDP M’ 5, = (8%, A", P' 7%, y),
where the reward function 7 encodes a distinct motor objective. Our goal is to distill task-agnostic motor
dynamics in the form of successor features (SFs), while learning task-specific reward weights {w%p; } that
enable downstream adaptation to Mgyyg.

We adopt a modular successor feature framework (Carvalho et al., 2023), where each module k € {1,...,n}
captures a reusable motor primitive derived from one ADL task. At time ¢, the latent state for module & is
computed from the current observation 2} and recurrent hidden state s§_;:

81]56 = S0, (.’L‘f, 3571)7 (5)

where ), denotes module-specific parameters.

For each skill module, we define a cumulant function ¢*(s,a,s’) € R? and corresponding successor features
YF(s,a) € RY with respect to its reward weights wk; :

k k k k k
¢ = da(sy,ar, St+1)7 vy = (g, ar). (6)
The successor features encode the expected discounted future cumulants under the behavior policy 7

zwm] : (7)
1=0

1/’k(5§a at) - Eﬂ'

To enable skill composition across ADL modules, we construct joint representations by concatenating module-
level cumulants and SFs:

¢t:[¢%77¢?]7 wt:[d]tla’w?] (8)

This modular construction allows transferable motor primitives from heterogeneous ADL tasks to be com-
bined into a unified predictive representation, providing the basis for subsequent transfer to surgical domains.

4.2 Surgical Task Learning: Policy Inference via Generalized Policy Improvement (GPI)

Each module k& captures a distinct aspect of human motor behavior, such as grasping, reaching, or object
manipulation. The associated cumulants ¢* (s, a) represent immediate skill-specific signals. In the surgical
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domain, we approximate the reward function as a linear combination of these cumulants, with module-specific
weights wlgurg learned from surgical data. This formulation enables the model to balance the contributions
of individual motor primitives when adapting to the target task.

We estimate the reward weights wg,,, by solving the following regression problem:

K 2
wgurg = arg I%HE(57Q7T)NDS\Jrg [(rSurg - Z ¢k(s7 a)wk) ‘| ? (9)
k=1

where Dgyrs denotes the dataset of state-action-reward tuples collected in the surgical environment, and w”
scales the contribution of cumulant ¢*(s,a) from the k-th ADL module. This regression process effectively
aligns ADL-derived motion dynamics with the reward structure of the surgical task.

Given the estimated weights wgy,g, we derive the adapted surgical policy via Generalized Policy Improvement
(GPI):

() =g x| s Volon2) s (10

where z indexes the set of source policies or task vectors Miapr,, and 1y (s, a, z) denotes the successor features
of the z-th source module, evaluated at (s, a).

This maximization selects the source task representation z that best aligns with the surgical reward structure
and then chooses the action a that maximizes expected return. In this way, the surgical robot reuses task-
agnostic features and motor primitives distilled from ADL datasets, while adapting them to the specific
reward function of Mgyye. This approach enables efficient policy transfer with minimal surgical supervision.

5 Theoretical Analysis

We now present a theoretical analysis of transferring state—action representations from human ADL tasks
to surgical domains. Our goal is to establish performance guarantees for the resulting surgical policy mgurg
under the assumption of a shared feature space between source and target tasks.

Theorem 1: Assume the state-action space S x A is finite. There exists a distribution p on S x A with
p(8,a) > pmin > 0 for all (s,a). Rewards are bounded by |rgug(s,a)] < R and ||w||lz < W. Let {¢*(s,a)}X_,
be K feature functions and define ¢(s,a) := [¢'(s,a),...,¢% (s,a)] € RX, with ||¢(s,a)||2 < B for all (s, a)
and d = K * Nmodule. We approximate the surgical reward with a linear model fgyg(s, a;w) = ¢(s, a) w,
w € RE,

Given a dataset D = {(s;, a;,7;)}7; from the surgical task, let

K 2
W = argmin E, o yop l(rsllrg(s,a) — Z o" (s, a)wk) ] )

k=1

For any policy 7, let Q™ denote the true action—value function under rgyrq, and let Q™ denote the action—value
function computed under the approximated reward fg,,g (-, -;@). Then, we have at least 1 — J posibility that

1Qn — Qr ()]0 < 1\/inf]E{(rSur(s,a) —o(s,0)Tw)’| + C(BR + BW)? d+log(1/0)
(1 - ’7)\/ Pmin w n
Theorem 1 establishes that if the ADL-derived feature space is sufficiently expressive to approximate the
surgical reward, then the induced value function remains uniformly close to the true value function. As feature
expressiveness and dataset size increase, the estimation error converges to zero up to statistical limits. This
provides a formal justification for leveraging ADL-derived representations: when features encode motion
dynamics relevant to surgery, policy evaluation becomes both accurate and reliable. A detailed proof is
provided in Appendix B.1.
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Theorem 2: Under the assumptions of Theorem 1, let I = {7y, m,...,mar} be a finite set of stationary
policies. For each m € II, let Q™ denote the true action—value function under rsug, and let Q™ denote the

action-value function computed under the approximated reward fsyrg (-, ;@) = ¢(-,-) .

Then, with probability at least 1 — ¢, uniformly for all = € II,

A 1 . 2 ,  [d+log(1/6)
1Qr — Qr(D)[|oe < m\/lng[(rSur_¢Tw) } +C(BR+ BW) VA —

Define a new policy 7’ such that 7/(s) € arg max, maxxcr Qx(s,a). Then, for all (s, a),

2 , [d +1og(1/5
Qn 2 MaxQr — m\/lgﬂE[(rsm—ww)z] +C(BR+ BW)? #).

Theorem 2 further shows that even with approximate rewards transferred from ADL-derived features, the
resulting policy 7’ achieves performance close to the best policy in II. The approximation error decreases with
larger datasets and more expressive features, while guarantees hold uniformly across all candidate policies.
This demonstrates that, provided ADL-derived features capture surgical reward structure with sufficient
fidelity, the adapted policy remains provably competitive. A full proof is provided in Appendix B.2.

5.1 Experiment Setup

Human ADL Dataset. We employ the Daily Interactive Manipulation (DIM) dataset (Huang & Sun,
2019) as the source of human Activities of Daily Living (ADL) demonstrations. The DIM dataset contains
1,603 motion trials across 32 fine-grained manipulation tasks commonly observed in everyday life, such as
brushing powder across a tray, unlocking a lock with a key, and filing wood.

From this dataset, we selected three representative ADL tasks that exhibit tool-use behaviors and coordinated
hand—eye control, serving as foundational modules for transfer to robotic surgical tasks: (1) spearing an
object using a fork, (2) lifting food with a spoon, and (3) scooping and pouring with a measuring cup.

These tasks were chosen because they emphasize precision, stability, and force control—sensorimotor at-
tributes closely aligned with surgical manipulation, making them ideal for learning transferable motor prim-
itives applicable to surgical robot task learning.

Figure 5: Examples from the Daily Interactive Manipulation (DIM) dataset illustrating three representative
human Activities of Daily Living (ADL) tasks: (a) spearing an object with a fork, (b) lifting food with a
spoon, and (c) scooping and pouring with a measuring cup. These fine-motor tasks are used to construct
modular motor representations that serve as transferable building blocks for robotic surgical task learning
on the PSM and ECM systems.

Surgical Robot Platform. Experiments are conducted using the da Vinci Research Kit (dVRK), a clini-
cally derived robotic platform for minimally invasive surgery that enables high-precision teleoperation with
articulated robotic arms and stereo visual feedback. The system comprises two primary manipulators: the
Patient Side Manipulator (PSM), responsible for executing tool-based surgical actions, and the Endoscopic
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Camera Manipulator (ECM), which provides real-time stereo imaging and viewpoint control. In our study,
both PSM and ECM subsystems are utilized to evaluate cross-domain transfer and data-efficient policy
learning in surgical robot task learning.

5.2 Simulation Experiment

Experiment Simulator. The simulation experiments in this study are not intended for sim-to-real trans-
fer. Instead, simulation is employed to enable extensive and controlled quantitative evaluations of learning
performance, scalability, and ablation results. All experiments are conducted using the open-source SurRoL
simulator (Xu et al., 2021), a reinforcement learning—oriented platform fully compatible with the da Vinci
Research Kit (dVRK) (Kazanzides et al., 2014). The simulator provides a reproducible environment for
evaluating policy adaptation across diverse surgical task settings under varying data constraints.

Three representative surgical tasks are selected for evaluation: (1) PSM Reaching Gauze, where the goal
is to position the PSM jaw tip precisely above a randomly placed suture gauze; (2) ECM Static Tracking,
which requires the ECM to center a stationary target cube within the stereo camera’s image space; and (3)
ECM Active Tracking, where the ECM continuously follows a moving target cube along a dynamically
generated trajectory at constant velocity.

These tasks collectively test both manipulation and visual tracking capabilities, providing a systematic
benchmark for assessing cross-domain transfer and data efficiency in surgical robot task learning.

Baselines. We compare our framework against three representative baselines to assess the benefits of ADL-
based pretraining and successor feature transfer: (1) COMBO with ADL (Yu et al., 2021), an offline
model-based RL approach that pre-trains a policy on the human ADL dataset and directly deploys it to the
surgical task via imitation learning. This baseline measures how well direct policy transfer performs without
explicit representation adaptation. (2) MBPO (Janner et al., 2019), which trains a policy from scratch on
the surgical task using model-based policy optimization. It serves as a lower-bound baseline, isolating the
effect of learning without any external priors. (3) MBPO with ADL, which initializes the policy with
ADL-pretrained weights and fine-tunes it on the surgical task. This baseline evaluates the effectiveness of
naive weight-level transfer, contrasting it with our proposed structured representation transfer via successor
features.

Camera View Camera View

/'. @
~ -8 P
Target Cube o ’ M‘qg Cube .

(a) (b) (c)

Figure 6: Simulation-based surgical tasks used for evaluation. All experiments are conducted using the open-
source SurRoL simulator (Xu et al., 2021), a reinforcement learning—oriented platform fully compatible with
the da Vinci Research Kit (dVRK) (Kazanzides et al., 2014). (a) PSM Reaching Gauze: models precise
instrument positioning, simulating tool approach toward tissue or suturing material. (b) ECM Localizing a
Static Cube: emulates maintaining a stable endoscopic view of a stationary anatomical structure. (¢) ECM
Tracking a Moving Cube: replicates dynamic camera adjustment required to follow moving or deforming
surgical targets. Together, these tasks capture complementary aspects of surgical coordination—fine tool
manipulation and visual stabilization—within a controlled and reproducible simulation setting.
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5.2.1 Experiment Results

The simulation results are summarized in Fig. 7. A key observation is that naive pretraining or direct transfer
of ADL policies does not suffice: the COMBO baseline, which deploys an ADL-pretrained policy without
adaptation, consistently fails due to distribution mismatch between daily motions and surgical contexts.
Similarly, MBPO with ADL pretraining underperforms compared to training from scratch, underscoring
that weight-level initialization alone introduces harmful biases when embodiment and task dynamics differ.
These negative results highlight the necessity of a structured transfer mechanism rather than undermining
the value of ADL data.

In contrast, our method leverages modular successor features to systematically align ADIL-derived motor
primitives with surgical rewards. This results in consistently superior sample efficiency and rapid convergence
across all tasks. For instance, in both PSM Reaching Gauze and ECM Localizing tasks, our approach reaches
near-optimal performance in a fraction of the training episodes required by MBPO. Notably, in the ECM
Tracking task, which requires dynamic adaptation, our method achieves robust performance with significantly
lower variance, reflecting stable transfer and effective reuse of prior knowledge.

Although MBPO eventually approaches high success rates given sufficient interaction, such asymptotic con-
vergence is impractical in data-limited surgical settings. Our framework, by contrast, demonstrates both fast
adaptation and reduced variance, establishing its utility as a safe and scalable approach to surgical robot
task learning.

Figure 7: Simulation results across three surgical tasks: (a) PSM Reaching Gauze, (b) ECM Localizing
a Static Cube, and (¢c) ECM Tracking a Moving Cube. Baselines illustrate the challenges of using
ADL data without structured transfer: COMBO (direct deployment of ADL-pretrained policies) fails due
to severe distribution mismatch, while MBPO with ADL pretraining performs worse than scratch training,
highlighting the pitfalls of naive weight initialization. In contrast, our method leverages modular successor
features to bridge embodiment and task differences, yielding consistently faster adaptation, higher sample
efficiency, and lower variance. Notably, performance remains robust in dynamic tasks such as ECM Tracking,
demonstrating stable and scalable transfer of ADL-derived motor knowledge to surgical domains.

To further evaluate surgical task learning, we analyze three complementary metrics: (1) Convergence
speed, defined as the number of episodes required to reach stable success; (2) Data efficiency, measured by
the number of environment interactions needed to attain and sustain stable performance; and (3) Jumpstart
performance, quantified as the average success rate over the first five episodes (Tables 1).

For (1), our method achieves up to a 13.5x improvement over the strongest baseline (MBPO), demonstrating
rapid convergence and effective initialization in data-limited surgical settings. For (2), it consistently requires
fewer environment interactions across all tasks, indicating efficient use of limited surgical experience and
robust sample efficiency. For (3), our approach attains a success rate of 0.88 on the PSM task within
the first few episodes—far exceeding baselines that struggle to achieve any meaningful early performance,
particularly those relying on naive ADL pretraining.

While the large relative improvements in early-stage performance arise partly because baseline methods
exhibit minimal initial success, this gap precisely illustrates their inability to initialize meaningful control
without structured transfer. In contrast, our framework provides well-aligned representations that enable
rapid adaptation from the outset, demonstrating both the necessity and effectiveness of transferring struc-
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Endoscopic Camera
Manipulator

Figure 8: Real-world robotic experiment platform built on the da Vinci Research Kit (AVRK). The Patient
Side Manipulator (PSM) performs precise tool manipulation, while the Endoscopic Camera Manipulator
(ECM) regulates the stereo endoscopic view. This integrated system provides a realistic testbed for evaluating
the proposed framework under clinically relevant conditions, capturing the sensorimotor control between
surgical instruments and the endoscopic camera.

tured motor knowledge from human ADL data. Overall, these results confirm that our approach accelerates
learning, enhances initial competence, and achieves safe, scalable, and data-efficient surgical robot task
learning.

Table 1: Comparison of (1) Convergence speed, (2) Data efficiency, and (3) Jumpstart performance
across three surgical tasks: PSM Reaching, ECM Static Tracking, and ECM Active Tracking. Convergence
and data efficiency are reported as the number of episodes and environment interactions required to reach
stable success, respectively, while jumpstart measures the average success rate over the first five episodes.
Our method achieves up to a 13.5x improvement in convergence and sample efficiency over the strongest
baseline (MBPO) and substantially higher early-stage performance, demonstrating faster, safer, and more
data-efficient adaptation of human ADL knowledge to surgical tasks.

Task Metric MBPO MBPO+ADL COMBO Ours Imp.(x)
Conv. 34.00 52.00 200.00 9.00 3.80
PSM Data 7381.00 9573.00 69 998.00 849.00 8.70
Jump. 0.05 0.00 0.00 0.88 17.60
Conv. 55.00 45.00 200.00 13.00 3.50
ECMStat. Data 7317.00 6 985.00 21294.00 1659.00 4.40
Jump. 0.64 0.70 0.68 0.92 1.30
Conv. 27.00 34.00 100.00 2.00 13.50
ECMAct. Data 21600.00 27200.00 80000.00 1600.00 13.50
Jump. 0.13 0.14 0.14 0.79 5.70

5.3 Real-world Experiment
5.3.1 Experiment Platform Setup

To evaluate the practical effectiveness and robustness of the proposed framework beyond controlled sim-
ulation, we conduct real-world experiments using the da Vinci Research Kit (d{VRK)—an open research
platform derived from the clinically deployed da Vinci Surgical System widely used in minimally invasive
surgery (MIS). Real-world validation is essential, as it introduces physical constraints, actuation noise, and
vision—motion coupling effects that cannot be fully modeled in simulation, thereby testing the framework’s
transferability under authentic robotic operating conditions.
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Importantly, our experiments do not involve sim-to-real transfer; instead, we directly deploy policies on the
physical robot after offline pretraining on human ADL datasets, followed by limited on-robot reinforcement
learning for task adaptation. This setup allows us to isolate the framework’s capability for safe, data-efficient
adaptation without the confounding effects of simulator-reality mismatch.

The dVRK system is operated via open-source electronics and software (Kazanzides et al., 2014), integrated
with ROS for low-latency pose-level control of its manipulators. We evaluate two core capabilities represen-
tative of surgical dexterity: (1) precise tool approach using the Patient Side Manipulator (PSM) and
(2) stable surgical field visualization using the Endoscopic Camera Manipulator (ECM). The complete
experimental platform is shown in Fig. 8, encompassing both instrument manipulation and camera control
under clinically realistic conditions.

5.3.2 Experiment Task Setting

In the real-world evaluation, we focus on three representative tasks designed to capture essential aspects of
surgical coordination. The PSM gauze-reaching task (Fig. 9(a)) requires the robot to reach randomly
placed targets on a surgical plane, assessing precise instrument positioning and trajectory control under real
kinematic constraints.

The ECM static tracking task (Fig. 9(b)) involves maintaining a stationary target at the center of the
endoscopic view, reflecting the need for visual stability during fine manipulation. The ECM active tracking
task (Fig. 9(c)) requires continuous tracking of a moving target, modeling dynamic camera adjustments
encountered when anatomical structures shift or deform. Together, these tasks span both manipulation and
perception control, providing a realistic and comprehensive benchmark for evaluating the effectiveness and
robustness of our method under practical surgical conditions.

(@) (b) (c)

Figure 9: Real-world experiment setup: (a) PSM Reaching Gauze, (b) ECM Localizing Gauze, and
(c) ECM Tracking a Moving Tool. Each surgical task is learned by transferring motor representations
pretrained on human ADL datasets, which include daily activities such as using a spoon to pick up objects,
spearing with a fork, and scooping and pouring with a measuring cup. These everyday tool-use behaviors
capture transferable visuomotor primitives—grasping, reaching, and tracking—that serve as the foundation
for cross-domain adaptation in robotic surgical task learning.

5.3.3 Experiment Results

The first set of real-world experiments evaluates the PSM Reaching Gauze task, which emulates fine-
grained instrument positioning analogous to targeting soft tissue or grasping surgical gauze. As shown in
Fig. 10, the proposed method enables the PSM to consistently reach the designated target region with
progressively improved efficiency across repeated trials. Target positions were uniformly randomized across
episodes to eliminate positional bias, ensuring that the observed reduction in step count reflects genuine
policy improvement rather than task simplification. The downward trend in step distribution indicates
increasingly precise trajectory generation and enhanced spatial reasoning, as the policy learns to minimize
redundant motions. These results demonstrate that pretraining on human ADL data provides a transferable

13



Under review as submission to TMLR

motor prior that accelerates real-robot convergence, improves motion efficiency, and enhances precision in
surgical tool manipulation under realistic conditions.

(d)
Figure 10: Real-world PSM Reaching Gauze task and experimental results. (a—c) show the robotic setup and
sample trajectories; (d) presents the step distribution across six training attempts. Success is defined as the PSM
jaw tip reaching within 3 mm of a randomly placed gauze center, simulating fine tool targeting during surgical
manipulation. Target locations were uniformly randomized across trials to prevent positional bias. The consistent
downward trend in step count across episodes reflects genuine policy refinement and improved motion efficiency,
confirming stable adaptation of ADL-pretrained representations to real-robot control.

We next evaluate ECM-based camera control in two representative settings. In the static gauze track-
ing task, the endoscopic camera must maintain a stationary gauze centered in its visual field, analogous
to stabilizing the surgical workspace during delicate procedures. As shown in Figure 11, the pixel-space
distance between the gauze centroid and the image center decreases consistently across trials, indicating im-
proved visual-motor coordination. This trend confirms that the policy effectively transfers visuomotor priors
from human ADL data—such as gaze-hand coupling and smooth pursuit control (Feng et al., 2023)—while

x
. |
x
o

requiring only minimal online fine-tuning.

(d)

Figure 11: ECM tracking gauze experiment platform and results. (a) Experimental setup with the ECM-mounted
stereo endoscope observing a randomly placed gauze. (b—c) Visual feedback examples showing the image-space
centroid of the gauze (green) relative to the camera center (red). (d) Quantitative evaluation over ten tracking trials,
where the metric is the pixel-space Euclidean distance between the gauze centroid and image center. The consistent
downward trend across trials indicates that the ECM learns to stabilize and re-center the target more efficiently over
time, even under natural lighting variations.

Figure 12: ECM dynamic tracking of a moving surgical tool under real-world conditions. In this task, the ECM
autonomously adjusts the endoscopic view to keep a hand-manipulated surgical instrument centered in the image
frame. Performance is quantified by the normalized pixel distance between the instrument centroid and the image
center (averaged per frame), with shaded regions indicating standard deviation over three independent runs. The
consistent downward trend confirms that tracking accuracy improves over time despite variability in human tool
motion, demonstrating robust visual-motor adaptation without any sim-to-real transfer or scripted trajectories.

14



Under review as submission to TMLR

The dynamic tracking experiment (Figure 12) evaluates adaptive endoscope control under real, non-
scripted motion. In this setting, the ECM autonomously tracks a surgical instrument manipulated by a
human operator, emulating realistic multi-arm surgical coordination. Despite inherent variability in human
tool motion, the policy consistently reduces image-space tracking error across trials, indicating robust vi-
sual-motor adaptation and stable camera centering behavior. Importantly, this improvement arises from
direct real-world learning—without any sim-to-real transfer—demonstrating that ADL-pretrained visuomo-
tor representations generalize effectively to dynamic, human-in-the-loop surgical scenarios. Together, these
results confirm that the proposed framework supports both static stabilization and real-time adaptive camera
control, two essential capabilities for autonomous surgical assistance.

In summary, the real-world experiments validate the proposed framework’s ability to transfer human motor
knowledge—originally learned from ADL datasets—to robot-assisted surgical tasks. Our method enables
both precise tool manipulation, as demonstrated in the PSM reaching experiments, and stable visual control
in static and dynamic ECM tracking scenarios. These results confirm that ADL-derived visuomotor rep-
resentations generalize effectively from everyday tool-use behaviors to clinically relevant surgical motions,
without requiring extensive in-domain demonstrations or sim-to-real fine-tuning. Together, these capabilities
fulfill two fundamental prerequisites for surgical autonomy: accurate instrument positioning and adaptive
visual feedback, ensuring safe, data-efficient, and scalable robotic operation.

6 Ablation Study

In this section, we analyze the learned representation dynamics through ablation studies, examining how
modular components evolve and interact during downstream surgical task learning. We further investigate
how the decomposition and recomposition of these modules affect representation quality, transfer efficiency,
and overall performance in robotic surgical task learning.

6.1 Activation Dynamics of ADL Skill Modules During Surgical Tasks

To interpret how human-derived motor knowledge is reused during surgical task inference, we analyze the
activation dynamics of individual ADL skill modules—defined as each module’s normalized contribution
to the predicted value estimate (s, a)—across three representative surgical tasks (Figure 13). Module 1,
Module 2, and Module 3 are pretrained respectively on spoon—pick, cup—scoop/pour, and fork-spear behaviors.
Subfigures (a), (b), and (c) correspond to different target configurations within the same surgical task, such as
gauze or cube repositioning, allowing examination of task-consistent but context-varying control behaviors.

The observed activation trajectories show that module contributions fluctuate systematically with changes
in target position and task phase, rather than remaining fixed or random. This behavior indicates that the
learned representation dynamically reweights human ADL-derived sensorimotor primitives in response to
environmental context, enabling adaptive feature recomposition without additional retraining. In particular,
high activation shifts between modules correspond to transitions between spatial phases of the motion (e.g.,
approach, contact, stabilization), suggesting that each skill module encodes distinct yet complementary
motor patterns that can be selectively reused. Such context-sensitive activation supports the framework’s
ability to generalize across new surgical conditions while maintaining coherent motor control—providing
empirical evidence that the modular successor feature representation captures transferable, interpretable
structure from human ADL data.
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Figure 13: Temporal activation patterns of three ADL-derived skill modules during (a) PSM reaching gauze,
(b) ECM localizing a static cube, and (c¢) ECM tracking a moving cube. Each row corresponds to a dis-
tinct skill module pretrained on spoon—pick, cup—scoop/pour, and fork-spear behaviors. The plotted values
represent normalized module activations (i.e., each module’s relative contribution to the current value esti-
mate (s, a) over time). Variation across tasks and target instances shows that the framework dynamically
reweights human-derived motor primitives based on task context, rather than relying on fixed feature com-
binations. This adaptive recomposition property enables generalization to new surgical conditions without
retraining.

6.2 Effect of Skill Module Design

To assess the impact of modular representation design, we compare five configurations: (i) Module 1, (ii)
Module 2, (iii) Module 3, (iv) a non-modular baseline trained jointly on all three DIM subsets without de-
composition, and (v) our proposed compositional model integrating Modules 1-3. All models share identical
network capacity and training budget to isolate the effect of modular structure. Figure 14 reports success
rate as a function of interaction steps across three surgical tasks.

Across all experiments, the compositional model consistently achieves faster convergence and higher stability
than both the monolithic and single-module baselines. In the PSM reaching gauze task (Fig. 14a), all
variants eventually attain near-perfect success, yet our composed model reaches this performance in substan-
tially fewer steps, confirming that structured integration of ADL modules provides a stronger inductive bias
for efficient policy learning. In the ECM static localization task (Fig. 14b), individual modules show sim-
ilar early learning patterns, but their joint composition yields more stable convergence, indicating improved
spatial goal representation through multi-skill fusion. In the ECM active tracking task (Fig. 14c), where
dynamic adaptation is required, the composed model achieves the highest and most consistent success rate,
demonstrating that recombining ADL-derived motor primitives enhances generalization under time-varying
conditions. Overall, these results confirm that modular successor-feature composition—mnot increased net-
work capacity—drives both the sample-efficiency gains and stability improvements observed in surgical task
learning.
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Figure 14: Success-rate learning curves comparing individual ADL modules (Modules 1-3), a non-modular baseline
trained jointly on pooled DIM data, and our compositional model integrating Modules 1-2-3 across (a) PSM reaching
gauze, (b) ECM localizing a static cube, and (¢) ECM tracking a moving cube. All models are matched in network
capacity and training budget to ensure a fair comparison. Single modules exhibit partial task specialization, whereas
the compositional successor-feature representation achieves consistently faster convergence and higher stability across
all tasks. These results demonstrate that the observed gains stem from structured module composition rather than
model size. Compositional transfer works in surgical robot task learning!

6.3 Effect of ADL Pretraining Set Composition

To investigate how the composition of ADL pretraining modules influences transfer effectiveness, we examine
the PSM gauze-reaching task using three distinct module sets, each representing a different subset of human
daily activities: (1) ADL Set 1: spoon—pick, fork—spear, and spoon—scoop/pour; (2) ADL Set 2: spoon—pick,
fork—spear, and pizza—wheel; and (3) Ours: spoon—pick, fork-spear, and measuring—cup scoop/pour. All
models share identical architectures, data budgets, and optimization hyperparameters to isolate the effect
of pretraining task selection.

As shown in Figure 15, ADL Set 1 converges more quickly and
attains higher asymptotic success than ADL Set 2, highlighting
that the nature of the ADL pretraining tasks—mnot merely their
number—determines transfer quality. Module compositions
emphasizing smooth approach and controlled placement mo-
tions yield stronger inductive biases and more sample-efficient
adaptation. Our chosen configuration (Ours) further improves
both convergence speed and final performance, suggesting that get composition on the PSM reaching—gauze
the measuring—cup scoop/pour behavior provides motor prim- task. Curves compare two alternative mod-
itives that align more closely with the fine, continuous motion wule sets—ADL Set 1: hand-wipe, stir—cup,

patterns required in surgical manipulation. place—object, and ADL Set 2:  hammer,

) ) paint, sweep—against our selected configura-
To further interpret the differences observed across ADL mod-  ;p. spoon—pick, fork-spear, measuring—cup

ule sets, Figure 16 visualizes representative 3D trajectories from  scoop /pour. All variants use identical network
the human ADL dataset, corresponding to the five tool-use be- architectures, parameter counts, and training
haviors considered in our pretraining pool. budgets to ensure fair comparison.

Each plot depicts normalized end-effector motion traces ex-

tracted from human demonstrations, revealing distinct kinematic structures across activity types. Tasks
such as spoon—pick, fork-spear, and measuring—cup scoop/pour exhibit smooth, continuous trajectories with
stable tool-target contact phases and fine-grained control of motion curvature. In contrast, behaviors such
as hammer or pizza—wheel involve abrupt, ballistic, or cyclic dynamics that differ substantially from the
precision motions required in surgical manipulation.

These qualitative patterns explain the quantitative differences reported in Figure 15: pretraining modules
that emphasize continuous approach and controlled placement behaviors yield transferable visuomotor rep-
resentations more compatible with surgical tool dynamics. Thus, the diversity and kinematic similarity of
ADL motion primitives jointly determine transfer efficacy, supporting our claim that appropriate ADL set
design acts as a controllable prior over motor structure in surgical robot learning.
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Figure 16: Visualization of human Activities of Daily Living (ADL) trajectories used for pretraining, derived from
end-effector motion in 3D space. Shown are representative tool-use behaviors: (a) spoon-pick, (b) fork-spear, (c)
spoon—scoop/pour, (d) measuring—cup scoop/pour, and (e) pizza—wheel. All trajectories are aligned to the tool tip
coordinate frame and normalized for translation and scale to enable cross-task comparison. The plots illustrate
complementary motion primitives—linear approach, rotational sweeping, and circular manipulation—that collectively
provide diverse motor patterns for representation pretraining.

Overall, these findings reinforce that the ADL module set acts as a controllable prior over motor structure:
coverage of complementary motion types (e.g., reach, grasp, and place) enhances representational richness
and stabilizes transfer. This insight points toward future work on automatic ADL set selection or weighting
mechanisms to optimize cross-domain transfer for specific surgical tasks.

6.4 Experiments Discussion and Implications

Representation Capacity. The results above demonstrate that modular successor-feature representations
trained on human demonstrations capture transferable structure in both spatial and visuomotor dynamics.
This supports the theoretical premise that nonlinear task rewards can be linearly composed in a shared
predictive space, allowing adaptive recombination without retraining.

Evaluation Design. The selected surgical subtasks—precise positioning and visual tracking—reflect foun-
dational motor and perceptual skills shared with human ADL behaviors. These settings were intentionally
chosen to isolate cross-domain transfer effects, as our human dataset does not include grasping or biman-
ual coordination. Thus, the evaluation focuses on verifying skill transfer under well-aligned kinematic and
perceptual structures rather than sim-to-real adaptation.

Computational and Runtime Efficiency. The proposed transfer mechanism operates in real time at 10
Hz on an RTX 3060 GPU. Since inference involves a lightweight inner product between successor features
and the estimated reward weights, policy adaptation requires no gradient updates or rollouts. This property
is particularly valuable for low-latency surgical applications.

Relation to Imitation Learning. Unlike conventional imitation learning—which depends on task-specific
demonstrations—our approach distills general behavioral priors from diverse human activities and reuses
them through compositional reasoning. This decoupling of representation learning from task execution
offers a scalable path toward data-efficient, safety-aware surgical policy learning.

Broader Implications. Overall, these findings underscore the potential of modular, human-derived feature
spaces as reusable priors for embodied surgical robots. Future work will explore automated module selection
and integration with real-time visual feedback loops for closed-loop autonomy.

7 Conclusions and Limitations

This work presents a principled framework for cross-domain surgical robot task learning through transferable
motor representations learned from human Activities of Daily Living (ADL). By introducing a Predictive
State—Action Representation Space constructed via modular successor features, we enable policy transfer
across embodiment and task boundaries. The proposed approach captures shared motor dynamics and
variability inherent in everyday actions, allowing robotic surgical systems to acquire new skills with minimal
in-domain data. Empirical results on both simulated and real-world da Vinci platforms confirm that our
method achieves rapid convergence, high sample efficiency, and robust adaptation across tool and camera
control tasks—highlighting its potential as a scalable foundation for data-efficient surgical robot learning.
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While promising, this framework also exposes several opportunities for future research. First, the current
formulation emphasizes motion-level state—action representation and does not yet explicitly encode gripper
interactions critical for fine manipulation such as suturing or tissue handling. Extending the representation
to include contact and force modalities would strengthen its expressiveness for bimanual and deformable-
object tasks. Second, although our modular successor features capture visual and kinematic variability,
incorporating multimodal sensory feedback (e.g., force, tactile, and depth cues) would enhance safety and
precision under clinical uncertainty. Finally, the present experiments focus on low-level subskills—reaching,
localization, and tracking—chosen for their controllable correspondence with ADL motions. Future work
will explore hierarchical composition of modules for more complex surgical workflows, integrating semantic
and task-level reasoning within the same predictive representation space.

Overall, our study provides evidence that human motor priors distilled from ADL can serve as a transferable
substrate for robotic surgical task learning, bridging the gap between general human dexterity and domain-
specific surgical autonomy:.
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A Algorithm Pseudocode

Algorithm 1: Cross-Domain Surgical Skill Transfer via Modular Successor Features and GPI

Require: ADL dataset Dapy, = UZ:1 DX%L with n skill modules
1: Optional: small dataset of surgical interactions Dsurg = {(s,a,7)}
2:

Ensure: Adapted surgical policy mgurg

3: Stage 1: Modular Representation Learning from ADL for £ =1 ton do
4:

end

Initialize module parameters #*) for cumulants ¢*) and SFs ¢(¥) for each (s, a,r,s’) in DX%L do

end

Update ¢*) (s, a, s') + learned cumulant dynamics
6: Compute TD target: .
P = 6W (5,0, 8") + v - maxyp® (s, o) Tw®

7. Update *) using loss Ly:
JURNTY
o e [60a — 59)|

8: Update weights w(*) via cumulant regression:

2
Ly Hr — ¢(k)(s,a)Tw(k)H

10:

11: Stage 2: Reward Adaptation for Surgical Task
12: Compute modular reward weights Wyrgt

n 2
wéurg = arg II}}]II E(s,a,r)NDSu,g (7’ - Z w(k) ' QSUC) (57 a))
k=1

13: Stage 3: Policy Synthesis via Generalized Policy Improvement (GPI) for each decision step
do

14:

end

Observe current state s
15: Compute:

_ (k) T, * }
a=arg max  max s,a) w
& a€Asurg ke{1,...,n} {w (5,a) Surg

16: Execute action a, observe next state and reward
17:

18: return Adapted surgical policy Tsurg(s) = a
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B Theoretical Results

B.1 Proof of Theorem 1

Proof: Define the true Q-function and the approximated Q-function:

[ oo
Qr(s,a) =E ZVtTSurg(S,a) ‘ S0 =8, Ao = a] )
L t=0

oo

Qr(s,a;w) =E Z'ytfslug(s, a; W)

Li=0

sos,aoa].

By the Bellman equation, for any (s, a):
Qﬂ(s,a)z/rdRsa —|—va "Is,a)m(a'|s")Qr (s, a"),

Qr(s5,a;0) = Psueg(s, a; )+ Z p(s'|s,a)m(d'|s))Qx (s, ;).

s’,a’

Thus, the error is:

|Qx(s,a) — Qr(s, a; )

:‘/rde ) — Psurg (s, a; W) —&-’yZp |s,a)m(a’|s') (Qx(s',a) — Qn(s',a’;0))

IN

‘/TdRS@(T) - meg(s,a;w)‘ + Zp(s'|s,a)w(a’\s')(Q,r(s’,a’) — Q(s,ds0))|.

s',a’
Since 3, p(s']s,a)m(a’|s") = 1, we have:
Qr(5:0) = Qus.050)] = | [ dRual) = Pl 0)| 43110 = Qo)
Taking the supremum over s, a:

HQT!‘ - Qﬂ(w)”OO S sup

s,a

[ran.a - fsmg@,a;w)\ IO = O () .
Rearranging terms:

(1 =NQx = Qu(®)]]oc < sup

s,a

/rdRS,a(r) — PSurg (8, a; )| ,

. 1
T (W oo_ su
Q= Qu(@)]l < 7= sup

/rdRS,a(r) — TSurg (5, a;uﬁ)’ .

Now, bound the right-hand side term. Since the state-action space is finite:

sup
s,a

2
/rdRs’a(r) - fsurg(s,a;ﬁ))‘ < Z (/TdRs’a(T) — fsurg(s,a;ﬁ))> .

s,a
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Using p(s,a) > pmin > 0:

Z(/?"dRsya(T) - Ptarget(s, a; 12)))2 <

s,a s,a

Therefore:

2
1
sup| rdRs q(r) — fSurg(s,a;sz)| < N E(s,0)~p [(/rdRs,a(r) - fsurg(s,a;ﬁ))) 1

For each (s, a), by Jensen’s inequality:

2
(/ rdRs,a(T) - fSurg(sa a; 7:[])) = (]ETNRS,G [T] - 'FSurg(Sy a; w))Q S ETNRS,Q [(’f‘ - 'FSurg(Sa a; w))Q] -

Hence:

2
E(s,a)~p l(/TdRs,a(r) - 'FSurg(& a; Uf))) ] < E(s7a)~p]Er~Rsﬂ [(T - 'FSurg(Sv a; 72]))2] .

That is:

1 1

1-—- Y vV Pmin

By standard uniform convergence results for linear regression with bounded features, it has 1 — § posibility
that:

log(1
Esaymp, e [(7 = Purg(s,0:0))2] < fE[(r = 6(s,0) Tw)’| + C (BR+ BW)?* q/d++g(/5).

It yields the final result:

(i 1 . 2 d +log(1/4)
1Qr = @r(@)llo < M/m\/lgm[(mr(s,a)—¢>(s,a)Tw) | +cBr+BW) \/T

1@ = Q)] < VE G0, e [(7 = Prarger (s, a5 9))2]

B.2 Proof of Theorem 2

Proof: From Theorem 1, we have for any policy =:

inIE[(rsurg(S,a)—gzﬁ(s,a)Tw)2 +C (BR+ BW)? d+log(1/6)

. . 1
1Q (5, )= Qe (s, a3 9) o < O—W\/w i

Denote
QU™ (s,a) = max Qn(s,0), Q" (s,a) := max Or (s, a).
mell well

Since the maximum absolute difference is bounded by the supremum norm, we have:

|Qmax(s’&) _ Qmax(s’a” < C.
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Define the Bellman operator 7™ for policy 7 as:
TR (s,a)) = 1(s,a,8") +7Q"(s',7(s)).
Then, for all s,ae Sx Aand j=1,..., M:

T (Q™*(s,a)) =

r(s,a,8") +7Q™™ (', 7'(s'))
> r(s,a, S,) + VQmaX(S ,71'/(8/)) -7C
>r(s,a,8") + vQ”(S m;(s')) —C
=T (Q"(s,a)) —
=Q"(s,a) — 'yC’.

Since this inequality holds for all policies 7, we have:
TW/(QmaX(S, a)) > meaﬁ( Qﬂ'(S) a) — ’YC

= Q"™ (s,a) —C
> Q™ (s,a) — (14 7)C.

Applying the operator T repeatedly:
(T)HQ™(5.0) 2 T™ (Q™(s,0)) = 7(1 +7)C

> Q™ (s,a) — (1+7)C —y(1+7)C.

By induction, after n iterations:

n—1

(T7)"(Q™(s,)) 2 Q™(s,a) — (1 4+7)C Y 7*.

k=0

Taking the limit as n — oo:

. , ~ ~ 1+ v
, — T n max > max _
Qn(s,a) = lim (T7)"(Q@™(s,a)) 2 Q" (s,0) — T— _70
Finally, using the bound on Q™
2 . 2 d +log(1/9)
’ e — . _ T 2 - TTONT 7T
Qr(s,a) > I;lé)ﬁ( Qr(s,a) = 7)2\/m\/lng[(TS“rg(s’a) o(s,a) w) ] + C(BR+ BW) - .

C Experiment Setup

C.1 Human ADL Dataset

For this study, we utilized the DIM dataset, a comprehensive collection of human demonstrations on task-
oriented interactive manipulation in daily scenarios. The DIM dataset consists of two major parts: (1) a
diverse set of 1,603 trials covering 32 types of daily motions, and (2) a specialized subset of 1,751 trials focused
exclusively on the pouring motion, collected under varying environmental conditions. For the purpose of our
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research, we primarily focus on the Cartesian position data, as it provides a domain-agnostic representation of
object-centric task dynamics that is directly relevant to robotic manipulation and facilitates the construction
of transferable state-action representations.

In our work, we model each human ADL skill as a skill module. However, due to the limited amount of data
available in each human daily activity of the DIM dataset, training robust and generalizable skill modules
directly from the raw data is challenging. To address this limitation, we apply data augmentation techniques
by translating and rotating the demonstration trajectories, thereby enriching the diversity of the training
set and improving the robustness of the learned skill modules.

C.2 Simulation Experiment

PSM Reaching Gauze. The PSM is a critical component of robot-assisted surgery, enabling precise tool
positioning relative to tissue or surgical platforms. In this task, the objective is to position the PSM jaw tip
slightly above a gauze pad, which is randomly placed on a surgical tray at the start of each episode. The
jaw remains in a fixed orientation during the task. The observation space is defined as the 3D Cartesian
coordinates of the end-effector, denoted as s; € R3, where s; = (2, ys, 2:). The action space is defined as
the continuous Cartesian displacement of the end-effector, denoted as a; € R®. The reward at each timestep
is defined as 7; = —||s; — gl|2, where g € R? is the position of the gauze and || - ||z denotes the Euclidean
norm. A trial is considered successful if the distance satisfies ||s; — g||]2 < 5 mm. Each episode is limited to
300 timesteps.

ECM Localizing Static Cube. The ECM provides a stable visual perspective of the surgical site. This
task focuses on localizing a static target cube at the center of the ECM camera view. The observation space
consists of three consecutive frames, s;_o, s;_1, and s;, where each s; € R? represents the pixel centroid
of the target in the camera image. The continuous action space controls the first two ECM joint positions,
denoted as a; € R?. The reward at each timestep is defined as r, = —||s; — ¢||2, where ¢ € R? is the pixel
coordinate of the image center. At the beginning of each episode, the cube is placed randomly within the
workspace. A trial is considered successful if the distance satisfies ||s; — c||2 < 10 pixels. Each episode is
limited to 150 timesteps.

ECM Tracking Moving Cube. Unlike the static localization task, this setting involves tracking a target
cube that moves continuously within the camera’s field of view. The goal is to maintain the cube near the
center of the ECM image as it follows a random trajectory in the XY plane at a constant Z height. At each
environment timestep, the cube advances twice along this path to simulate smooth and realistic motion, with
updates handled by the underlying physics engine. The agent observes three consecutive target centroids
in pixel space, s;_9,5,_1,5; € R?, capturing temporal movement patterns. Control is achieved by issuing
continuous commands to the first two ECM joints, a; € R%. The reward is computed as 7; = —||s; — c||2,
where ¢ is the image center. A timestep is deemed successful if the tracking error is below 25 pixels. Each
episode spans 800 steps, and success is evaluated by the proportion of timesteps that satisfy the tracking
condition.

C.3 Real-world Experiment

PSM Reaching Gauze. This real-world PSM task extends the simulated PSM reaching setup by incor-
porating a grasping action once the target is reached. The objective is to position the PSM jaw tip slightly
above the gauze pad, and then perform a grasping maneuver. The observation space and action space are
identical to the simulated task: the state is defined as the 3D Cartesian coordinates of the end-effector,
s; € R3, and the action space is the continuous Cartesian displacement, a; € R3. When the PSM tip enters
a predefined target area suitable for grasping, the gripper is automatically commanded to open and then
close to grasp the gauze. This additional manipulation step introduces a combined reaching and grasping
challenge, making the task closer to real surgical execution. In the experiment, eight gauze pads are ran-
domly placed, and the PSM is allowed six attempts per gauze. Each attempt is constrained to a maximum
of 200 timesteps.
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ECM Localizing Gauze. This real-world task mirrors the simulated ECM localizing static cube task but
focuses on localizing a gauze pad within the ECM camera view. The observation space, state, and action
space are identical to the simulated setting: the state consists of three consecutive frames, s;_a, Si_1, 5; € R2,
representing the pixel centroid of the gauze, and the continuous action space controls the first two ECM
joint positions, a; € R2. In the real-world experiment, the centroid of the gauze in the ECM image view is
obtained through image processing techniques. A trial is considered successful if the pixel distance satisfies
|lst — ¢||l2 < 25. This task setup reflects practical demands in real surgical scenarios, where the endoscopic
camera must accurately localize and maintain the view of soft tissues or surgical materials to support
downstream manipulation and ensure procedural safety.

ECM Tracking Moving Tool. This real-world task builds upon the simulated ECM tracking moving
cube task by focusing on tracking a surgical tool operated by a human. A label is attached to the tool
tip, allowing its pixel position to be extracted through image processing. The observation space, state, and
action space remain consistent with the simulated setting: the state consists of three consecutive tool tip
centroids, S;_s,5:_1,5: € R?, and the continuous action space controls the first two ECM joint positions,
a; € R%. During the experiment, a human operator holds the labeled tool and simulates surgical execution
by continuously moving it to evaluate the ECM’s active tracking performance. This setup closely reflects real
surgical scenarios, where the endoscopic camera must dynamically follow moving instruments to maintain a
stable and informative view of the surgical site.

D Implementation Details

D.1 Transferable State-Action Representation Space

A fundamental challenge in leveraging human ADL datasets for robotic surgical task learning lies in the
inherent mismatch between the two domains. The workspace of human ADL tasks is typically characterized
by a much larger and more diverse range of motions, environments, and action scales compared to the
constrained and highly specialized workspace of surgical robots. This discrepancy leads to a significant
domain gap in both the state and action spaces, which, if left unaddressed, impedes effective knowledge
transfer and degrades policy performance when transitioning from human demonstrations to surgical tasks.

To address this challenge, we introduce the concept of a transferable state-action representation space. The
goal is to learn a shared space Z, where both human and robot state-action pairs can be projected in a
way that preserves task-relevant structure and dynamics. Concretely, we learn a mapping function f :
Sy X Ag — Z that transforms human demonstrations into this shared space, as well as a complementary
mapping g : Z — Apg that maps predicted actions from the shared space into robot-executable actions during
downstream surgical tasks.

Before modeling the motion dynamics using the deep successor feature framework, we first apply the mapping
f to project the human ADL state-action pairs into the shared representation space Z. This preprocessing
step is crucial because it allows the model to operate over a common input domain, effectively mitigating
the large domain gap between human and robotic data. Once the state-action data are embedded in Z, we
can then learn the successor features v(z) over this space, which capture the expected discounted future
feature occupancy under a given policy. By operating within this unified space, the successor feature model
can learn transferable task dynamics that generalize across domains, facilitating effective policy learning and
adaptation. During downstream deployment, the predicted actions in Z are decoded into the robot action
space via the mapping g, ensuring that the learned policies are directly executable by the surgical robot.

D.2 Training Details

For each human ADL dataset, we train a pair of models, ¢ and 1, using offline trajectories. Specifically,
we define K neural networks ¢k(~7~;9,‘f) : S x A — R% and K neural networks vy (-, -;9;5) :Sx A= R,
where each ¢, and Y pair is trained on one of the K human ADL datasets. Here, 9,? and 9;5 denote the
learned parameters for dataset k € [K]. Together, these K pairs of networks generate feature mappings
(01 (s, a)]kek) € RE*4 and Q-value estimates [t (s, a)]ke(x] € R¥ for any state-action pair (s,a), capturing
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Table 2: Model hyperparameters across tasks.

PSM Reach ECM Static ECM Active

COMBO
State dim 3 2 6
Action dim 3 2 2
Batch size 128 128 128
Discount 0.99 0.99 0.99
Target update 0.005 0.005 0.005
Entropy auto auto auto
Policy hidden sizes [256, 256] [256, 256] [256, 256]
log o clamp [—20, 2] [—20, 2] [—20, 2]
Policy Ir 1x107° 1x107° 1x107°
Q-net hidden sizes [256, 256] [256, 256] [256, 256]
Q-net Ir 3x107* 3x107* 3x107*
Backbone hidden sizes [200, 200, 200, 200]  [200, 200, 200, 200]  [200, 200, 200, 200]

MBPO
State dim 3 2 6
Action dim 3 2 2
Batch size 128 128 128
Discount 0.99 0.99 0.99
Target update 0.005 0.005 0.005
Clip grad norm 10.0 10.0 10.0
Actor hidden sizes [256, 256] [256, 256] [256, 256]
Critic hidden sizes [256, 256] [256, 256] [256, 256]
Dynamics ensemble size 7 7 7
Dynamics hidden size 200 200 200
Dynamics Ir le-2 le-2 le-2

Our Method
State dim 3 2 6
Action dim 3 2 2
Batch size 128 128 128
Nmodules 3 3 3
Discount 0.99 0.99 0.99
Optimizer Ir 3x 1074 3x 1074 3x 1074
Polyak 7 0.005 0.005 0.005
1 MLP hidden sizes [256, 256, 256] [256, 256, 256] [256, 256, 256]
¢ MLP hidden sizes [256, 2506] [256, 2506] [256, 256]

the task-specific representations and value predictions across datasets. The ¢, models are implemented as
encoder-decoder networks with two hidden layers of 256 units and the 1, models are as critic networks with
three hidden layers of 256 units, estimating the Q-values over state-action pairs. We shown hyperparameters
in Table 2, which describe hyperparameters that were different across algorithms.
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