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Abstract. Vision-language-action (VLA) models offer a promising paradigm
for surgical robot autonomy by mapping visual observations and lan-
guage instructions to continuous control. However, existing surgical VLA
systems remain limited in manipulation complexity and often suffer from
instability and compounding errors in long-horizon settings, particularly
when trained solely on demonstrations. Most are optimized for single pro-
cedural objectives rather than unified control across diverse procedures.
To address this gap, we present SurgVLA-Struct, a reinforcement-
refined framework for surgical robotic manipulation across tasks in the
SurRoL simulator. Our approach comprises three key components: (1) a
structured 10-task benchmark with 7 newly introduced language-conditioned
variants incorporating obstacle constraints, extended horizons, and attribute-
driven instructions; (2) a unified continuous-control backbone with chun-
ked 7-DoF action prediction under a shared action space, enabling stable
and consistent language-conditioned manipulation without task-specific
decoders; and (3) structured surgical reward modeling within a GRPO
framework using task-invariant, simulator-verifiable objectives encoding
precision, efficiency, trajectory stability, and contact safety. Extensive
experiments show that SurgVLA-Struct consistently outperforms clas-
sical reinforcement learning baselines and state-of-the-art VLA models,
validating stable language-conditioned manipulation across diverse tasks.
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ment Learning · Surgical Robot Learning · Across-Task Manipulation

1 Introduction

Robot-assisted minimally invasive surgery has enhanced surgical precision and
dexterity in complex procedures through improved motion control and tremor re-
duction [14,17,7,23]. However, most platforms remain teleoperated, and scalable
autonomy for multi-step surgical manipulation remains unresolved [10,18]. A key
step toward surgical autonomy is developing end-to-end systems that translate
high-level surgeon instructions into executable robot actions. Such systems must
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generalize across diverse manipulation tasks, reason over long horizons, and en-
force safety-aware interaction under precision-critical and contact-sensitive con-
straints [15,16,22]. Enabling instruction-driven, multi-task surgical manipulation
therefore requires tightly integrated vision, language, and articulated control.

Traditional surgical robot learning has largely relied on imitation learning
(IL) and reinforcement learning (RL). RL-based approaches explore multi-task
manipulation under predefined task interfaces [20,12,4], improving policy gener-
alization across simulated procedures, but typically depend on manually specified
goals and engineered rewards, and lack native language conditioning. Procedure-
specific systems such as SutureBot [5] achieve strong autonomous performance
within defined tasks but do not generalize across diverse manipulation settings.
In parallel, recent vision-language-action (VLA) models [24,9,3,2] enable end-
to-end instruction-conditioned control across diverse robotic tasks, yet surgical
vision-language systems [11,13] primarily focus on navigation, workflow assis-
tance, or scene understanding rather than fine-grained articulated manipulation.
Together, these limitations motivate a unified framework integrating language-
conditioned reasoning with robust, multi-task surgical manipulation under long-
horizon and precision-critical constraints.

To address this gap, we construct a structured benchmark of 10 manipula-
tion tasks based on SurRoL [21], with 7 expanded scenarios introducing obstacle
constraints, extended horizons, and attribute-driven instructions to better ap-
proximate constraint-sensitive surgical manipulation. Building on this setting, we
propose SurgVLA-Struct, a unified VLA framework that adopts a shared con-
tinuous action space with chunked action prediction, enabling stable language-
conditioned control across tasks without task-specific decoders. However, imita-
tion learning alone aligns actions to demonstrations without explicitly optimizing
execution efficiency or collision-aware behavior, particularly under extended in-
teraction horizons. We therefore introduce structured reward modeling within a
GRPO-based reinforcement framework [19], incorporating simulator-computable
objectives that penalize redundant motion and unsafe contact while rewarding
precise task completion and trajectory stability. Extensive experiments demon-
strate that SurgVLA-Struct consistently outperforms classical RL baselines and
state-of-the-art VLA models in across-task surgical manipulation.

2 Method

2.1 Problem Formulation and Multi-Task Data Curation

We study instruction-driven surgical robotic manipulation in a unified multi-
task setting, where a single shared policy is jointly trained across all tasks under
a common observation and action interface. At time step t, the robot observes
an RGB image ot and receives a natural-language instruction l. The policy πθ

predicts articulated control commands conditioned on both inputs. Instead of a
single action, it outputs a fixed-length action chunk of size K = 8:

at:t+K−1 = πθ(ot, l), (1)
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where each at ∈ R7 denotes a 7-degree-of-freedom (7-DoF) end-effector com-
mand. During execution, only the first predicted action is applied before replan-
ning at the next timestep, forming a receding-horizon control loop that improves
stability and responsiveness, reducing error accumulation in long-horizon and
contact-sensitive manipulation.

We curate a structured benchmark on SurRoL [21] comprising 10 language-
conditioned manipulation tasks: 3 original tasks and 7 new variants increasing
complexity. Expand variants introduce obstacle-aware spatial constraints; Place
tasks impose precision-critical long-horizon control (e.g., gauze-based hemostatic
stabilization); PegTransferColor and Location variants require grounding object
attributes in natural language. Together, these extensions enforce long-horizon
dependency, collision sensitivity, and instruction-specific action selection.

For each task, 500 oracle demonstrations are generated under randomized
object placement, obstacle configurations, and target variations (5,000 total).
We use 400 per task for training and 100 for testing, with non-overlapping object
configurations and initializations between the two splits. Rollouts capture RGB
observations, 7-DoF actions, and proprioceptive states, stored in RLDS format
for reproducible VLA training.

2.2 Pipeline Overview

As illustrated in Fig. 1, SurgVLA-Struct adopts a two-phase training paradigm
combining supervised alignment and reinforcement refinement. RGB observa-
tions, language instructions, and proprioceptive states are fused by a vision-
language backbone, while an action head predicts K = 8 future actions opti-
mized with an L1 loss against oracle demonstrations.

Fig. 1. Overview of the proposed SurgVLA-Struct Framework.

We then refine the policy using Group Relative Policy Optimization (GRPO),
initialized from the supervised checkpoint. Only LoRA parameters are updated
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while the pretrained backbone remains frozen, preserving multimodal alignment
and stabilizing optimization. Multiple rollouts from identical initial states form
trajectory groups for relative advantage estimation.

2.3 Vision-Language-Action Learning and Supervised Alignment

We adopt OpenVLA-OFT [8] as the base architecture, which replaces tokenized
action prediction with parallel continuous regression to directly output real-
valued commands, avoiding quantization artifacts and preserving the fine-grained
control resolution needed for precision-sensitive, contact-aware surgical manipu-
lation. The shared continuous regression head further enables consistent control
across heterogeneous task dynamics without task-specific output branches, sup-
porting stable multi-step prediction under long-horizon and constraint-sensitive
settings.

Given fused multimodal features zt = ffusion(ot, l), an action head predicts
the mean action µt = fϕ(zt). We optimize the policy using supervised imitation:

Lsup(ϕ) = E
[︁
∥at − agt

t ∥1
]︁
, (2)

where agt
t denotes oracle actions. This stage establishes stable alignment be-

tween perception, language understanding, and continuous articulated control,
providing a strong initialization for subsequent reinforcement refinement.

2.4 Surgically Structured Reward Design for GRPO Refinement

While supervised imitation aligns trajectories, it does not optimize execution
quality under contact-sensitive and long-horizon constraints. We therefore re-
fine the policy using Group Relative Policy Optimization (GRPO), which lever-
ages group-relative advantages from identical initial states to promote outcome-
oriented improvement and stabilize updates in sparse-reward settings.

Let G denote rollout groups, where each group g ∈ G contains 8 trajecto-
ries generated from the same initial state under the previous policy πϕold , each
executed for up to 100 environment steps. For each trajectory τg, we compute
its cumulative reward and define the group-relative advantage Ag = Rg − R̄g,
where R̄g is the mean reward within group g. The resulting scalar advantage
is broadcast uniformly to every timestep, and to every action within the corre-
sponding 8-step chunk, of that trajectory. During reinforcement refinement, we
parameterize the stochastic policy as a diagonal Gaussian distribution to enable
likelihood-based updates. The importance ratio is then computed using Gaussian
action likelihoods:

rgt (ϕ) =
πϕ(at | ot, l)
πϕold(at | ot, l)

(3)

Policy variance, clipping, and KL regularization follow the default GRPO config-
uration of our OpenVLA-OFT-based implementation, unmodified in this work;
at test time the policy executes the deterministic mean action µt, consistent
with the supervised action head.
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Training-Time Surgical Rewards. Standard binary success signals are insuf-
ficient for surgical manipulation, where precision, efficiency, and contact regu-
lation are critical. We therefore design four complementary simulator-verifiable
reward components used exclusively during training within the simulator. These
rewards rely on simulator state access and are not required at inference time.

(1) Task Completion. We use a binary success reward to ensure outcome-
level supervision:

Rcompletion = 1[task success].

(2) Trajectory Similarity. To encourage stable motion patterns without
enforcing strict imitation, we measure deviation from oracle actions:

Rsimilarity = exp

(︄
− 1

m

m∑︂
t=1

∥at − agt
t ∥22

)︄
,

where m = min(T, Tgt), with T the rollout length and Tgt the oracle length. This
term promotes stable motion without penalizing shorter yet successful rollouts.

(3) Execution Efficiency. In surgical procedures, unnecessary instrument
motion and prolonged manipulation increase operative time, cognitive load, and
risk exposure. We therefore penalize prolonged execution beyond oracle duration:

Refficiency = exp

(︃
−max(0, T − Tgt)

Tgt

)︃
.

Beyond merely matching oracle timing, this reward encourages temporally ef-
ficient and purposeful motion, discouraging dithering, hesitation, or redundant
corrective actions. By explicitly modeling execution compactness, the policy is
guided toward stable long-horizon behaviors that achieve task objectives with
controlled and deliberate motion, aligning with real surgical workflow constraints.

(4) Contact Safety. Delicate surgical environments require strict regulation
of interaction forces to prevent unintended tissue trauma or excessive pressure on
surrounding structures. We penalize accumulated contact force during execution:

Rcontact = exp

(︃
−Ftotal

F0

)︃
,

where Ftotal aggregates contact forces and F0 is the mean oracle contact force.
This reward introduces force-awareness into policy learning, encouraging con-
trolled interaction and collision-sensitive planning rather than purely outcome-
driven behavior. By guiding contact levels toward expert demonstrations, this
term promotes safety-conscious manipulation aligned with surgical practice.

All reward components are task-invariant and defined under a shared simula-
tor interface, ensuring consistent optimization signals across tasks without task-
specific reward engineering. The total training reward is an unweighted sum,
R = Rcompletion +Rsimilarity +Refficiency +Rcontact, treating all four components
equally rather than tuning task-specific coefficients. Together, these objectives
provide physically grounded feedback modeling task success, motion stability,
efficiency, and contact regulation, enabling transferable policy learning across
diverse surgical tasks.
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3 Experiments and Results

3.1 Experiment Setting

Task Construction We evaluate on 10 language-conditioned single-PSM tasks
in SurRoL [21], including 7 new obstacle-aware, long-horizon, and attribute-
driven variants. Each method is evaluated over 100 randomized episodes per
task averaged across 5 seeds; results are reported as mean±std success rate (%),
for which the corresponding 95% confidence interval is approximately ±1.24×
the reported standard deviation (t0.025,4/

√
5).

Implementation Details Stage I initializes from OpenVLA-7B and applies
LoRA fine-tuning (rank 32) using AdamW with learning rate 5 × 10−4, batch
size 4, for 50,000 steps. Stage II performs GRPO refinement for another 50,000
steps with the same learning rate, updating LoRA parameters only. All exper-
iments are implemented and trained in PyTorch on a single NVIDIA A6000
GPU. Code and task configurations will be made publicly available to support
reproducibility.

3.2 Results

We compare SurgVLA-Struct with classical RL baselines (BC [1], DEX [6],
and GC-GPT-DT [4]), multiple OpenVLA [9] training variants (full fine-tuning,
LoRA-based supervised fine-tuning, and GRPO-only optimization), and recent
VLA foundation models, including π0.5 [3] and GR00T [2]. π0.5 and GR00T are
initialized from their official publicly released pretrained checkpoints, using each
model’s default image and proprioceptive encoders without architectural modifi-
cation. All VLA-based methods, including π0.5 and GR00T, are fine-tuned on the
same 400-trajectory training set via LoRA (rank 32, matching Stage I) applied
to the default target modules of each official implementation, under matched
training budgets; we note that applying identical LoRA rank across architec-
turally distinct backbones is a simplification adopted for controlled comparison
and may not equalize each baseline’s achievable performance ceiling. RL base-
lines use visual and state inputs only, whereas VLA-based models additionally
condition on language instructions. The PegTransferColor and Location tasks
require attribute-specific language grounding and cannot be evaluated for RL
baselines; GC-GPT-DT additionally relies on structured goal conditioning that
is incompatible with free-form attribute grounding in these tasks.

As shown in Table 1 and Table 2, SurgVLA-Struct achieves consistent per-
formance across all tasks under a single shared policy, maintaining higher suc-
cess rates than RL baselines under obstacle constraints, extended horizons, and
attribute-driven instructions. Compared to π0.5 and GR00T, SurgVLA-Struct
shows qualitatively more conservative, contact-aware behavior as task complex-
ity increases, particularly on obstacle-present Expand variants, consistent with
the contact-safety reward term. Gains are consistent across five seeds (std ≤2%),
and the shared policy improves without task-specific decoders or degradation on
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Table 1. Mean±Std success rate (%) on Needle manipulation tasks (5 seeds). ∗denotes
newly introduced tasks.

Model Needle
Reach

Needle
ReachExpand∗

Needle
Pick

Needle
PickExpand∗

Needle
Place∗

BC [1] 100.0 ± 0.0 97.2 ± 0.8 22.4 ± 1.6 20.2 ± 1.8 15.4 ± 1.6
DEX [6] 100.0 ± 0.0 100.0 ± 0.0 92.4 ± 0.9 85.2 ± 1.6 76.4 ± 1.8
GC-GPT-DT [4] 100.0 ± 0.0 100.0 ± 0.0 97.4 ± 0.9 91.2 ± 0.8 85.4 ± 1.7

OpenVLA [9] 100.0 ± 0.0 100.0 ± 0.0 90.2 ± 1.7 87.4 ± 1.8 77.2 ± 1.6
OpenVLA-OFT only 100.0 ± 0.0 100.0 ± 0.0 92.2 ± 0.8 90.4 ± 0.9 78.2 ± 1.8
OpenVLA-GRPO only 96.4 ± 0.9 95.2 ± 1.6 87.4 ± 1.8 89.2 ± 1.7 83.4 ± 1.6
π0.5 [3] 100.0 ± 0.0 100.0 ± 0.0 93.2 ± 0.8 90.4 ± 1.6 81.2 ± 1.8
GR00T [2] 100.0 ± 0.0 98.4 ± 0.9 89.2 ± 1.6 87.4 ± 1.8 76.2 ± 1.7

Ours 100.0 ± 0.0 100.0 ± 0.0 99.2 ± 0.8 93.4 ± 0.9 89.4 ± 0.8

Table 2. Mean±Std success rate (%) on Gauze and language-conditioned Peg ma-
nipulation tasks (5 seeds). ∗denotes newly introduced tasks; – indicates inapplicable
baselines.

Model Gauze
Retrieve

Gauze
RetrieveExpand∗

Gauze
Place∗

PegTransfer
Color∗

PegTransfer
Location∗

BC [1] 7.2 ± 1.6 4.4 ± 0.9 1.2 ± 0.8 – –
DEX [6] 73.4 ± 1.8 70.2 ± 1.6 63.4 ± 1.8 – –
GC-GPT-DT [4] 95.2 ± 0.8 91.4 ± 1.6 80.2 ± 1.8 – –

OpenVLA [9] 82.4 ± 1.8 80.2 ± 1.7 78.4 ± 1.6 10.2 ± 1.8 7.4 ± 1.6
OpenVLA-OFT only 82.2 ± 1.7 81.4 ± 0.9 80.4 ± 1.6 11.2 ± 1.8 8.4 ± 1.6
OpenVLA-GRPO only 78.4 ± 1.8 83.2 ± 1.6 81.4 ± 1.7 4.2 ± 0.8 2.4 ± 0.9
π0.5 [3] 85.2 ± 1.8 86.4 ± 1.6 80.2 ± 1.7 18.4 ± 1.8 16.2 ± 1.6
GR00T [2] 81.4 ± 1.6 80.2 ± 1.8 75.4 ± 1.7 8.2 ± 1.8 6.4 ± 1.6

Ours 95.4 ± 0.9 93.2 ± 0.8 91.4 ± 0.9 26.2 ± 1.6 25.4 ± 1.8

simpler tasks when jointly trained with harder ones, suggesting limited negative
transfer.

On simpler tasks (e.g., NeedleReach and GauzeRetrieve), most methods ap-
proach saturated performance, but pure imitation grows increasingly prone to
failure as difficulty rises: Expand variants require collision-sensitive navigation
where baselines frequently make unintended contact; Place tasks demand tempo-
rally extended precision where error accumulation causes late-stage failures; and
PegTransfer variants require precise attribute grounding and strict instruction-
following, where most baselines fail. Structured surgical reward modeling refines
the aligned policy by penalizing redundant motion and unsafe contact while re-
warding precise, stable completion, enabling robust manipulation across diverse
tasks (Fig. 2).

3.3 Ablation Studies

Table 3 evaluates each reward component’s contribution on four challenging
tasks. Binary success improves over SFT-only training, confirming the value of
explicit outcome supervision; trajectory similarity yields modest further gains by
stabilizing motion; execution-length regularization substantially improves com-
plex multi-stage tasks, particularly PegTransfer variants, where inefficient mo-
tion otherwise accumulates and degrades stability; and collision-aware penalties
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Fig. 2. Qualitative trajectory comparison across 10 SurRoL tasks. We illustrate in-
termediate steps for GauzePlace as a representative long-horizon example. Red lines
denote oracle trajectories and blue lines denote SurgVLA-Struct generated trajectories.

give a further boost, underscoring the importance of explicit contact regulation.
Together, these results show that while SFT provides cross-modal grounding,
task-invariant structured rewards are essential for stable and physically consis-
tent behavior across tasks.
Table 3. Ablation on reward design. Each row cumulatively adds the next reward
term; incremental gain (%) over the preceding row shown in parentheses.

Method Needle
Place

Gauze
Place

PegTransfer
Color

PegTransfer
Location

SFT only (OpenVLA-OFT) 77 78 10 7

SFT + GRPO (+ Success) 80 (+3↑) 80 (+2↑) 13 (+3↑) 10 (+3↑)
SFT + GRPO (+ Similarity) 82 (+2↑) 81 (+1↑) 14 (+1↑) 11 (+1↑)
SFT + GRPO (+ Length) 85 (+3↑) 85 (+4↑) 20 (+6↑) 18 (+7↑)
SFT + GRPO (+ Collision, Full) 89 (+4↑) 91 (+6↑) 26 (+6↑) 25 (+7↑)

4 Conclusion

We present SurgVLA-Struct, a unified VLA framework for surgical robotic
manipulation across tasks, together with a structured SurRoL benchmark featur-
ing expanded language-conditioned variants modeling extended temporal struc-
ture, obstacle-aware interaction, and constraint-sensitive control. SurgVLA-Struct
employs a shared continuous-action backbone trained under a single policy and
refined through task-invariant structured reward modeling within a GRPO frame-
work, explicitly encoding execution efficiency and contact-aware regulation be-
yond imitation. Across 10 tasks under matched budgets, SurgVLA-Struct consis-
tently outperforms classical RL baselines and strong VLA models, demonstrating
that unified continuous control with structured surgical reward refinement en-
ables stable and scalable instruction-driven surgical manipulation in simulation.
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Limitations and Future Work. The current evaluation is conducted entirely
within simulation, on a single-PSM setup; reported success rates, and the inter-
action and efficiency behaviors they reflect, should be read as simulator-scoped
rather than as evidence of clinical safety or utility. Two of the four reward terms,
trajectory similarity and execution efficiency, are computed relative to oracle
demonstrations, so reward computation is not fully decoupled from the imita-
tion data; exploring oracle-free formulations is left to future work. Our framework
builds on SurRoL, a dVRK-compatible surgical simulation platform previously
used in sim-to-real surgical robot learning studies [6], providing a foundation
for future physical transfer. Excluded SurRoL tasks involve bimanual settings
beyond the unified single-arm action space or lack oracle policies required for
Stage-I SFT initialization. Future work will investigate domain randomization,
camera variation adaptation, and validation on physical dVRK platforms to
bridge the sim-to-real gap and assess real-world deployment feasibility.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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