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Abstract— Surgical automation is being increasingly studied,
yet bridging visual scene understanding with autonomous
action planning remains a fundamental challenge. While much
research effort has been made on scene perception (e.g.,
tool recognition and scene segmentation), understanding and
predicting actionable possibilities for surgical automation is still
underexplored. In this paper, we introduce surgical affordance
prediction, which identifies actionable regions for fundamental
surgical actions from visual data. Specifically, a novel adaptive
feature fusion framework is proposed that leverages the com-
plementary strengths of a self-supervised vision transformer
encoder for its superior semantic understanding and a large-
scale generative model encoder for its spatially-aware capability.
Furthermore, we introduce a hierarchical prompt learning
mechanism to adapt to varying procedural contexts. Finally, a
scene-guided attention decoder is proposed to focus on critical
surgical areas while suppressing background distractions. To
validate the effectiveness, we established a new dataset, derived
from publicly available surgical datasets with affordance anno-
tations for three basic surgical actions: aspiration, clipping,
and retraction. Extensive experiments demonstrate that our
approach achieves state-of-the-art performance. Moreover, we
validate our framework’s applicability for downstream automa-
tion on a realistic lung and prostate phantom, and results
show that the predicted affordance maps successfully enable
autonomous surgical actions.

I. INTRODUCTION

Robotic surgery has been increasingly adopted in modern
healthcare, demonstrating promising clinical benefits. Build-
ing on this success, there is a growing trend toward sur-
gical automation [1], which promises to further reduce sur-
geon workload while improving procedural efficiency toward
higher-level autonomy and human-robot collaboration [2].
To this end, autonomous robotic surgical systems must not
only recognize what is in the surgical scene (e.g., surgical
instruments or anatomical structure), but also interpret the
scene in a way that directly supports manipulation, under-
standing what can be done where, and how to do it safely and
effectively [3]. Typical perception tasks, such as key point
extraction, instrument detection, and scene segmentation [4],
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Fig. 1. Overall concept for surgical scene affordance map prediction:
Model generates affordance map to identify optimal manipulation regions
for specific surgical tasks, enabling downstream applications in robotic
surgery and surgical planning.

have been widely studied, which provided valuable scene
information. However, they just describe what is in the field
of view, not where the robot should act [5]. The bridge
between visual scene understanding and autonomous action
planning remains a challenge for surgical automation [6].

To address this challenge, traditional methods often rely on
simplistic visual cues or static pre-operative models, which
are insufficient for the highly dynamic scenes encountered
in surgery. Recent attempts have explored different learning-
based paradigms for surgical automation. For example, end-
to-end approaches directly map visual inputs to robotic
actions through imitation learning [7], [8], demonstrating
promise in controlled scenarios but suffering from overfitting
to specific training demonstrations with poor generalization.
Multistage learning methods decompose the problem into
sequential modules, such as perception followed by planning
and control [9], where perception is often used for providing
semantic mask and depth information, and control to plan the
action. Although promising, these methods do not provide
direct, interpretable guidance linking visual understanding to
safe and effective actions across variable surgical contexts.

Affordance prediction in industrial robotics directly ad-
dresses such a challenge by predicting actionable possi-
bilities of manipulating objects or environments. Specifi-
cally, affordance maps identify regions that support specific
interactions, forming an interpretable bridge from percep-
tion to action [10], [11]. For instance, grasping affordance
maps highlight optimal contact points and orientations for
a gripper [12], while pushing affordance maps indicate
where applied forces will yield desired object motions [13].
These approaches are effective because they encode both
geometric constraints and functional relationships between
objects and actions, enabling generalization across objects
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and environments for robust robot manipulation.
Despite the success of affordance prediction in industrial

robotics, its application for surgical robotics still remains
unexplored. In this paper, we propose to predict the surgical
affordance map: estimating spatial target regions suitable for
fundamental surgical actions to provide direct, actionable
guidance for surgical robotics. To the best of our knowledge,
this is the first comprehensive study of surgical affordance
map prediction. An illustration in Fig. 1 shows affordance
map prediction for fundamental surgical actions including
aspiration, clipping, and retraction, where each map identi-
fies optimal manipulation regions to guide robotic surgical
interventions. Specifically, we propose a novel feature fusion
framework that generates powerful visual representation by
fusing dense semantic features with spatial features. Our key
insight is that leveraging pre-trained vision models can pro-
vide complementary strengths for surgical affordance predic-
tion. Specifically, transformers trained with self-supervised
objectives demonstrate strong feature representation capabil-
ities for fine-grained visual understanding, while generative
models trained on diverse visual data excel at capturing spa-
tial layout and providing smooth, coherent representations of
anatomical structures. By combining these with an adaptive
fusion strategy, hierarchical prompt learning, and a cross-
modal alignment decoder, our framework generates robust
and accurate surgical affordance maps.

Our main contributions are summarized as follows:
• We present the first study on affordance map prediction

for surgical applications, bridging visual scene under-
standing and actionable robotic guidance.

• We propose a new feature fusion framework leveraging
semantic and spatial features with adaptive fusion, hi-
erarchical prompt learning, and cross-modal alignment.

• We establish a surgical affordance dataset with three
fundamental surgical actions (aspiration, clipping, re-
traction) and demonstrate significant improvements over
state-of-the-art baselines.

• We validate our method’s practical applicability through
integration with an existing surgical automation frame-
work and realistic phantom experiments on da Vinci
Research Kit (dVRK).

II. RELATED WORK
A. Surgical Scene Perception

Traditional surgical scene perception has focused on
component-level understanding through specific subtasks
such as instrument segmentation [14], anatomical structure
detection [15], and surgical workflow recognition [16]. While
these methods have achieved notable success in controlled
scenarios, they provide isolated component identification
that lacks holistic spatial-semantic reasoning necessary for
autonomous surgical manipulation [3]. Segmentation-based
approaches can identify anatomical structures but fail to
indicate where and how a robot should interact with these
structures. Similarly, detection methods locate surgical in-
struments but provide limited guidance on feasible manipula-
tion spaces within dynamic surgical environments [17]. This

limitation creates a critical gap between scene understand-
ing and actionable intelligence, motivating affordance-based
approaches for surgical manipulation.

B. Autonomy in Robotic Surgery

The pursuit of autonomy in robotic surgery aims to en-
hance precision, reduce surgeon fatigue, and standardize pro-
cedural outcomes [18]. Early approaches often relied on ex-
tensive, task-specific programming for subtasks like suturing,
which limited their adaptability [19]. More recently, learning-
based methods have demonstrated impressive capabilities. A
landmark achievement by Kim et al. showed an autonomous
robotic system successfully performing laparoscopic small
bowel anastomosis in porcine models, outperforming human
surgeons in consistency and accuracy [20]. However, even
in state-of-the-art systems, the perception-to-action pipeline
often relies on simplified representations such as tracking
fiducial markers or registering anatomy to a pre-operative
plan [21]. These methods typically lack a deep semantic
understanding of the tissue itself, making them vulnerable to
unexpected deformations or changes in the surgical scene.
Explicitly identifying actionable regions as affordance maps
remains largely unexplored, representing a critical missing
link for robust surgical autonomy.

C. Affordance Map Prediction

Affordance prediction, rooted in ecological psychol-
ogy [10], provides a natural bridge between perception and
manipulation by identifying regions in an environment that
support specific actions. In computer vision and robotics, this
concept has evolved from early CNN-based methods [22]
to recent approaches that leverage large-scale foundation
models. For instance, AffordanceLLM [23] utilizes the
world knowledge of Vision Language Models for affordance
grounding, and other works adapt models like CLIP for
nuanced visual understanding [24]. Concurrent research has
also begun to develop foundation models specifically tailored
for the surgical domain, demonstrating the growing inter-
est in affordance prediction for robotic surgery. However,
translating these general-domain methods to surgery remains
challenging. Surgical scenes are characterized by deformable
anatomy, occlusions, and dynamic lighting, which demand
feature representations with both high semantic precision and
spatial coherence [25]. Recent work [26] has highlighted
the complementary nature of features from models like
Stable Diffusion [27], which excel in spatial layout, and DI-
NOv2 [28], which provides robust semantic understanding.
This suggests that a strategic fusion of such features holds
significant potential for tackling the unique challenges of
surgical affordance prediction.

III. METHODS

In this section, we present our novel framework for surgi-
cal scene affordance map prediction that leverages comple-
mentary foundation models and hierarchical prompt learning.
Our approach addresses key challenges in surgical affor-
dances understanding by combining the semantic precision
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Fig. 2. Framework of surgical scene affordance map prediction. The architecture features two parallel streams on the left for multimodal feature
extraction: a dual-vision encoder that fuses complementary features from a self-supervised vision transformer and a diffusion-based generative model, and
a text encoder that leverages hierarchical prompt learning. On the right, a surgical scene guided cross-modal decoder integrates these features to generate
the final affordance map.

of self-supervised vision transformers [28] with the spatial
awareness of diffusion-based generative models [27], while
incorporating surgical context through structured prompt
learning to enhance domain-specific understanding.

A. Overall Framework

The prediction of surgical affordances in dynamic, de-
formable environments requires a visual representation that
simultaneously captures two critical properties: fine-grained
semantic precision and holistic spatial coherence. Seman-
tic precision is vital for distinguishing between different
anatomical structures, while spatial coherence is essential
for defining smooth, physically actionable regions on tissue.
The proposed learning framework, presented in Fig. 2, is
designed to meet this dual requirement through four key
components: dual vision encoders, a complementary feature
fusion module, a hierarchical text prompt encoder, and a
surgical scene guided cross-modal decoder.

Central to our approach, two complementary vision en-
coders are used: one from a self-supervised vision trans-
former for dense semantic features, and the other from a
diffusion-based generative model for spatially-aware repre-
sentations. The fusion module then strategically combines
these representations into a unified feature map. For text
processing, we use a hierarchical prompt learning strategy
to incorporate surgical context, enabling the model to dis-
tinguish between affordances in varying scenarios. Finally,
a lightweight surgical scene guided cross-modal decoder
generates affordance predictions by using a global context-
guided attention mechanism to fuse the visual and text
features, focusing on relevant surgical areas.

The following subsections detail each component’s design
and implementation, demonstrating how they collectively
address the challenges of surgical affordance prediction.

B. Complementary Visual Feature Extraction and Fusion

A single type of pre-trained feature is often insuffi-
cient for the nuanced requirements of surgical affordance
prediction [29]. Recent studies have highlighted a funda-
mental trade-off in mainstream foundation models: features
from generative models (diffusion models) provide spatially
smooth but semantically imprecise representations, whereas
features from self-supervised vision transformers are seman-
tically accurate but often sparse and noisy [26].

Therefore, our core technical contribution is a fusion
strategy that synergizes these complementary feature types
to form a more robust representation. We extract features
celebrated for their semantic correspondence from a vision
transformer [28] and features known for their spatial layout
understanding from a diffusion-based generative model [27].
Multi-Layer Semantic Feature Aggregation. To capture
fine-grained semantic details at multiple granularity levels,
we aggregate features from the last j layers of the vision
transformer:

Fsem =
j

∑
i=1

αiFi, (1)

where Fsem represents the semantic features, Fi denotes the
i-th layer features, and the learnable weights with ∑i αi = 1.
Multi-Scale Spatial Feature Extraction. To capture the
holistic spatial layout and context, we extract and concatenate
features from multiple decoder layers of the generative
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model’s U-Net:

Fspat = Concat[F(2)
spat ,F

(5)
spat ,F

(8)
spat ], (2)

where Fspat represents the spatial features from layers 2, 5,
and 8, which are processed through appropriate dimension-
ality reduction.
Adaptive Feature Fusion. To intelligently combine the
strengths of both feature types, we implement an adaptive
fusion strategy:

Fv = LayerNorm(βFsem +(1−β )Fspat), (3)

where β is a learnable balancing parameter that is optimized
during training to balance semantic precision and spatial
coherence, and features are normalized before fusion to
ensure training stability.

C. Hierarchical Prompt Learning

Manually designing prompts for surgical affordances
presents significant challenges, as traditional templates [30]
like “somewhere to [affordance]” fail to capture the complex
contextual information inherent in surgical procedures. For
instance, “clipping” may refer to hemostatic control of active
bleeding vessels, prophylactic sealing of at-risk vasculature,
or tissue division for exposure—each requiring different
spatial considerations and anatomical landmarks. Moreover,
CLIP exhibits limited understanding of fine-grained affor-
dances, particularly in the specialized domain of surgical
robotics, where the same action may have different meanings
across various procedural contexts.

To address these limitations, we extend the Context Op-
timization (CoOp) [31] method with a hierarchical prompt
learning strategy:

P = [v1, . . . ,vp,scontext ,saction], (4)

where scontext represents surgical context descriptors, {vi} are
learnable vectors, and saction denotes the target affordance
class.

The hierarchical prompts are processed through the CLIP
text encoder to generate text embeddings:

Ft = CLIPtext(P), (5)

where Ft ∈RN×D represents the final text embeddings for N
affordance classes.

D. Surgical Scene Guided Cross-Modal Attention

The decoder takes as input the fused visual features Fv
and text embeddings Ft to generate precise affordance pre-
dictions. Drawing inspiration from recent advances in vision-
language alignment [32], we design a scene guided cross-
attention mechanism that leverages global surgical context
for precise affordance localization.

The attention mask is computed by projecting the global
scene representation onto local visual features:

M = σ

(
SglobalKT

√
d

)
, (6)

where Sglobal represents the global surgical scene token (CLS
token) extracted from Fv, and K = Linear(Fv) denotes the
key projections from visual features.

The masked cross-attention mechanism integrates text
queries with visual representations:

Fout = softmax
(

QKT
√

d
⊙M

)
V+Ft , (7)

where Q = Linear(Ft), V = Linear(Fv), and the residual
connection preserves the original text information.

The final surgical affordance prediction combines the
refined embeddings:

Pa f f = softmax
(
FoutFT

v
)
, (8)

where Pa f f ∈ RN×L represents the spatial probability distri-
bution over N surgical actions across L image locations.

IV. EXPERIMENTS

In this section, we conduct a series of experiments to
systematically evaluate our proposed framework. We aim to
answer three key questions: (1) How does our full model
perform against state-of-the-art methods on our challenging
surgical affordance dataset? (2) What is the individual contri-
bution of each core component of our design, particularly the
dual-feature fusion strategy? (3) Can the predicted affordance
maps be effectively translated into actionable guidance for a
physical robot in surgical manipulation tasks?

A. Dataset

To address the scarcity of specialized surgical data, we
constructed a new affordance dataset from a collection of
diverse, publicly available surgical video corpora. Our anno-
tation methodology is uniquely designed to capture surgical
intent. For each interaction, we identify the “pre-contact”
frame just before the tool touches the tissue and annotate
a single point indicating the intended interaction location.
This point then serves as a visual prompt for the Segment
Anything Model (SAM) [33] to generate a high-fidelity
segmentation mask of the actionable and safe tissue region,
which is subsequently converted into a heatmap to serve as
the ground truth.

Our final dataset consists of annotations from 1,915 surgi-
cal video sequences from 7 public datasets: AutoLaparo [34],
CholecT50 [35], HeiChole [36], MultiBypass140 [37], Surgi-
calActions160 [38], Endovis18 [39], and MESAD-Real [40],
categorized into three fundamental affordance types: Retrac-
tion, Clipping, and Aspiration. The distribution of these
clips is as follows: 904 for Retraction, 231 for Clipping, and
780 for Aspiration. This imbalanced distribution is represen-
tative of the natural frequency of these actions during actual
surgical procedures, where tissue retraction and aspiration
are more common maneuvers than clipping. This dataset
provides a robust foundation for training and evaluating
affordance prediction models in a variety of surgical contexts.
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Fig. 3. Qualitative comparison of affordance prediction methods across different surgical tasks (aspiration, clipping, retraction) and datasets showing
baseline methods vs. our approach

B. Experimental Setup

Metrics. We evaluate our model on our affordance dataset
(details in Sec. IV-A) using a comprehensive set of estab-
lished affordance prediction metrics [41], [42]. To assess
the similarity between the predicted and ground-truth proba-
bility distributions, we use the Kullback-Leibler Divergence
(KLD), where a lower value indicates less divergence and
a better match. To measure spatial overlap, we use the
Similarity (SIM) metric, for which higher is better. We also
employ Normalized Scanpath Saliency (NSS), which evalu-
ates the model’s ability to assign high values to the ground
truth affordance regions; a higher NSS score signifies a
more accurate prediction. Furthermore, we propose Centroid
Localization Accuracy (CLA) to quantify spatial precision in
a normalized manner. Unlike raw Average Centroid Distance
(ACD), which depends on image resolution, CLA normalizes
by the image diagonal D: CLA = 1−ACD/D. This produces
an interpretable score between 0 and 1, where higher values
indicate better spatial accuracy.
Implementation Details. We implement our framework
using DINOv2 [28] as the self-supervised vision transformer
and Stable Diffusion [27] as the diffusion-based generative
model. Features are extracted using pre-trained checkpoints
without fine-tuning backbone networks. For DINOv2, we
aggregate features from the last 4 layers (j=4) with learnable
weights. For Stable Diffusion, we extract features from U-

Net decoder layers 2, 5, and 8, applying linear projections
to align dimensions before fusion. The adaptive fusion pa-
rameter β is initialized to 0.5 and learned during training.

TABLE I
QUANTITATIVE RESULTS ON THE WHOLE SURGICAL DATASET.

Methods KLD ↓ SIM ↑ NSS ↑ CLA ↑

Cross-View-AG [43] 1.795 0.260 1.227 0.765
Cross-View-AG+ [44] 1.793 0.253 1.265 0.782
LOCATE [41] 1.696 0.295 1.276 0.881
WorldAfford [45] 1.559 0.307 1.446 0.883
OOAL [32] 1.665 0.274 1.425 0.884
SurgAM (Ours) 1.362 0.367 1.642 0.895

C. Qualitative results and Analysis

Fig. 3 shows qualitative results on our test datasets. We
compare our approach SurgAM, with several state-of-the-art
methods that learn affordances from 2D images. All baseline
models are trained and tested on the same datasets to ensure
a fair comparison.

On the surgical test datasets, we observe distinct failure
patterns across different baseline methods, highlighting the
architectural limitations in surgical affordance prediction.
Cross-View-AG [43] and Cross-View-AG+ [44] produce
overly expansive affordance maps due to their ACP strategy,
despite achieving relatively high CLA scores (0.765-0.782).
LOCATE [41] shows improved localization through its
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PartSelect mechanism, yet its k-means clustering approach
creates instability in complex scenes, leading to extensive
anatomical coverage as a conservative recall strategy (CLA:
0.881). WorldAfford [45] leverages LLM reasoning through
ARCoT but suffers from attention diffusion in its WCB
module, producing over-activation patterns despite strong
metrics (KLD: 1.559, CLA: 0.883). OOAL [32] presents dis-
tinctly different behavior with more concentrated predictions
due to its DINOv2-based architecture and few-shot learning
strategy, avoiding overfitting but struggling with complex
multi-object scenarios due to single-modality limitations.

Our approach SurgAM consistently produces superior
affordance maps that achieve an optimal balance between
spatial precision and coverage completeness. Unlike base-
line methods that achieve high confidence through over-
activation strategies, our framework demonstrates genuine
spatial accuracy with concentrated predictions that corre-
spond to actual affordance regions. The synergistic fusion
of Stable Diffusion’s spatial understanding with DINOv2’s
semantic precision, enhanced by our surgical-aware hierar-
chical prompting strategy, enables accurate localization while
maintaining spatial coherence. The substantial improvements
across all evaluation metrics (KLD: 1.362, SIM: 0.367, NSS:
1.642, CLA: 0.895) validate the effectiveness of our dual-
foundation model fusion approach. Notably, our method
achieves the best KLD and NSS scores while maintaining
competitive CLA performance, demonstrating that superior
affordance prediction stems from architectural design rather
than conservative prediction strategies employed by compet-
ing methods.

TABLE II
ABLATION RESULTS OF DIFFERENT VISUAL FOUNDATION MODELS.

Model KLD ↓ SIM ↑ NSS ↑ CLA ↑

CLIP 2.660 0.156 0.276 0.819
DeiT III 2.231 0.165 0.292 0.531
SD 2.242 0.187 0.542 0.834
DINOv2 1.808 0.237 1.313 0.837

TABLE III
ABLATION RESULTS OF THE PROPOSED MODULES. HPL:

HIERARCHICAL PROMPT LEARNING. SD-DINO: STABLE DIFFUSION

AND DINOV2 FEATURE FUSION. TD: TRANSFORMER DECODER. SGM:
SURGICAL SCENE GUIDED MASK

Components Metrics

HPL SD-DINO TD SGM KLD ↓ SIM ↑ NSS ↑ CLA ↑

1.808 0.237 1.313 0.837
✓ 1.742 0.268 1.240 0.847
✓ ✓ 1.473 0.334 1.528 0.885
✓ ✓ ✓ 1.432 0.348 1.552 0.892
✓ ✓ ✓ ✓ 1.362 0.367 1.642 0.895

D. Ablation study
We conduct comprehensive ablation studies to validate

the effectiveness of each component in our framework. The
experiments are performed on our whole dataset, which
encompasses diverse surgical scenarios and complex anatom-
ical structures. Visual Foundation Model Comparison.

Table II presents a systematic comparison of different visual
foundation models for surgical affordance prediction. CLIP
and DeiT III demonstrate limited effectiveness in surgical
contexts, with poor KLD (2.660, 2.231) and NSS (0.276,
0.292) scores, indicating substantial distribution mismatch
and weak affordance localization capabilities. Stable Diffu-
sion features exhibit superior spatial understanding, achiev-
ing better NSS (0.542) and CLA (0.834) scores, validating
that SD’s spatial layout training provides valuable coherence
for surgical scenes. However, SD underperforms in semantic
precision (KLD: 2.242). DINOv2 demonstrates clear supe-
riority across all metrics (KLD: 1.808, NSS: 1.313), with
nearly 5× better NSS than CLIP. This superior performance
stems from self-supervised training that learns part-aware
representations, making it well-suited for fine-grained spatial
understanding required in surgical affordance prediction.
Component-wise Analysis. Table III demonstrates the pro-
gressive improvement achieved by incorporating each pro-
posed component. Starting from the DINOv2 baseline (KLD:
1.808), each module contributes meaningful performance
gains, culminating in substantial improvements in the full
model (KLD: 1.362, NSS: 1.642).

The most significant breakthrough comes from the SD-
DINO fusion module, which represents the core innovation
of our approach. This fusion strategy addresses the funda-
mental limitations observed in single-modality approaches
by combining SD’s spatial coherence with DINOv2’s se-
mantic precision. The substantial performance improvement
validates our central hypothesis that surgical affordance
prediction requires both spatial layout understanding and
semantic correspondence capabilities, which qualities neither
foundation model possesses independently.

The Hierarchical Prompt Learning (HPL) component pro-
vides essential domain adaptation, enabling the model to
distinguish between affordances across different surgical
contexts. The Transformer Decoder (TD) enhances contex-
tual modeling by enabling sophisticated feature interactions,
while the Surgical Scene Guided Mask (SGM) provides cru-
cial attention focusing by leveraging global surgical context
to suppress background distractions.

The final integrated system achieves optimal performance
across all metrics, with particularly notable improvements in
NSS (25.0% gain) and substantial KLD reduction (24.7% im-
provement), demonstrating that the synergistic combination
of all components successfully addresses the multifaceted
challenges of surgical affordance prediction.

E. Deployment and Validation of Autonomy on Phantom

The ablation studies confirmed the effectiveness of our
design choices in generating accurate surgical affordance
maps. To further validate the practical utility, we integrated
our affordance prediction module with a visual servoing
controller based on our VPPV framework [46] and deployed
the overall framework on a physical surgical robot platform
to perform surgical tasks autonomously.
Experimental Setup. Our physical setup, shown in Fig. 4,
consists of a da Vinci Research Kit (dVRK) and two high-
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fidelity surgical phantoms: a torso phantom with a silicone
lung model and a standalone prostate phantom with sim-
ulated vasculature. The dVRK is equipped with an Endo-
scope Camera Manipulator (ECM) for visual feedback and
two Patient Side Manipulators (PSMs) to control surgical
instruments, enabling us to replicate key visual and kinematic
aspects of different surgical scenarios. For each phantom,
we collected targeted datasets through teleoperated demon-
strations and fine-tuned task-specific models while retain-
ing generalized features. During autonomous execution, our
framework processed real-time video to generate affordance
maps that guided the visual servoing controller.

Fig. 4. Experimental setup for autonomous task validation using dVRK.
Each row shows (from left to right): dVRK setup, phantom model, affor-
dance prediction, and autonomous manipulation for lung retraction (top) and
prostate clipping (bottom) tasks.

Autonomous Task Execution and Results. During the
autonomous execution, our framework processed real-time
video feeds from the ECM to generate affordance maps,
which guide a visual servoing controller that commanded
the PSM to perform the designated manipulation. For au-
tonomous lung retraction with simulated circulation dynam-
ics, our system consistently identified optimal retraction
regions (as shown in the first row of Fig.4) while navigating
tissue movement and deformation, achieving 100% success
rate across 50 trials. For autonomous vessel clipping on
the prostate phantom, we evaluated a clinically relevant
workflow where expert surgeons first exposed target ves-
sels through teleoperation, followed by autonomous clipping
execution (prediction result shown in the bottom row of
Fig.4), achieving 98% success rate (49/50 trials). The sin-
gle failure occurred when camera repositioning temporarily
occluded the target vessel, but affordance prediction imme-
diately recovered once visibility was restored, demonstrat-
ing robust recovery capabilities. These results across two
distinct surgical scenarios demonstrate that our framework
provides reliable perception-to-action guidance for robotic
surgical manipulation. However, complete surgical autonomy
requires integration with comprehensive control systems and
validation beyond controlled phantom environments.

V. CONCLUSION AND DISCUSSION
This paper presents a novel framework for surgical scene

affordance map prediction that leverages the complementary
strengths of diffusion-based generative model and vision

transformer encoder. Our adaptive fusion strategy combines
SD’s spatial coherence with DINOv2’s semantic precision,
enhanced by hierarchical prompt learning and scene-guided
attention mechanisms to address the unique challenges of
surgical environments. Extensive experiments demonstrate
the effectiveness of our approach across diverse surgical
scenarios, with successful phantom implementations val-
idating the practical applicability for autonomous surgi-
cal manipulation tasks. This work represents a significant
step toward intelligent surgical robotic systems capable of
adaptive decision-making in complex surgical environments.
Future work will focus on incorporating temporal dynamics,
expanding the annotated dataset scope, and conducting com-
prehensive validation studies on live surgical procedures.
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