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Abstract

Colorectal cancer (CRC) is a leading cause of
cancer-related mortality, with survival rates exceed-
ing 95% when detected early but dropping below
35% in later stages. Accurate and temporally con-
sistent polyp segmentation in colonoscopy videos is
essential for early detection, yet existing models of-
ten rely on manual annotation and lack temporal ro-
bustness. In this work, we propose a temporal exten-
sion of the Plug-and-Play Point Prompt Optimizer
(PPO) to enable zero-shot video segmentation using
SAM2. Our method leverages a deep reinforcement
learning agent to optimize point prompts within a
dual-space graph, combining feature similarity and
spatial distance. To address the absence of visible
polyps in early frames, we introduce a confidence-
based frame selection strategy that identifies the best
reference frame. Optimized masks from SAM2 are
then propagated across frames to ensure consistency.
To the best of our knowledge, this is the first auto-
matic prompting approach for SAM2 applied to 3D
or video-based medical imaging. Experiments on the
SUNSEG dataset demonstrate that our method pro-
duces accurate early-frame segmentation and main-
tains mask quality over short sequences, highlighting
its potential for annotation-free medical video analy-
sis.

1 Introduction

Colorectal cancer (CRC) is the second leading
cause of cancer-related death and the third most com-

monly diagnosed malignancy worldwide. It is esti-
mated to cause millions of new cases and deaths an-
nually. Critically, the survival rate exceeds 95% when
detected at an early stage, but drops below 35% in
later stages of the disease [1]. This stark contrast
highlights the importance of early and accurate de-
tection, particularly of polyps, which are often pre-
cursors to CRC.

Segmenting anatomical structures in colonoscopy
videos is thus a vital task in computer-aided diagno-
sis. High-quality, temporally consistent segmentation
of polyps can assist clinicians during real-time proce-
dures and reduce the likelihood of missed detections,
22% 28% missing rate [4]. However, manual annota-
tion of video frames is time-consuming, and most seg-
mentation models struggle with domain shifts, low-
light conditions, or motion artifacts common in en-
doscopy data.

Recent advances in foundation models such as
the Segment Anything Model (SAM) have enabled
zero-shot segmentation guided by point prompts [5].
However, SAM’s performance is highly sensitive to
prompt quality. To address this, PPO (Plug-and-
Play Point Prompt Optimizer) was introduced by
Liu et al. (2025) [3], leveraging deep reinforcement
learning to optimize point prompt distribution based
on both visual and spatial features. While PPO im-
proves segmentation performance in static images, it
does not address temporal coherence, which is crucial
for video tasks like colonoscopy.

In this work, we propose a temporal extension
of PPO for video-based polyp segmentation on the
SUNSEG [2] colonoscopy dataset. Our approach
addresses two key challenges: (1) early frames in
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colonoscopy videos often lack visible polyps, and (2)
there is a need to maintain consistent prompts and
masks across frames. Instead of relying on the first
frame, we compute prompt confidence scores across
all frames during inference and select the most con-
fident frame as the reference. A DRL agent then
optimizes prompts, which are passed to SAM2 for
segmentation. The resulting mask is propagated to
other frames to achieve temporally coherent, zero-
shot segmentation.

To the best of our knowledge, this is the first auto-
matic prompting approach for SAM2 applied to 3D or
video-based medical imaging tasks. This highlights
the potential of prompt-based zero-shot segmentation
in clinical video workflows, such as colonoscopy.
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Figure 1: SUNSEG: Colonoscopy Dataset

2 Related Work

2.1 Segment Anything Models and
SAM2

The Segment Anything Model (SAM) [Kirillov et
al., 2023] introduced a flexible and general-purpose
vision model capable of performing zero-shot seg-
mentation using various prompt types (points, boxes,
text). SAM2 [Ravi et al., 2024] extended this model
to support segmentation across both images and
videos, offering improved generalization by leverag-
ing the large-scale SA-1B and SA-V datasets. SAM2
provides high-quality mask generation using point-
based prompts without additional fine-tuning, mak-
ing it suitable for zero-shot video segmentation. How-
ever, its segmentation quality remains highly sensi-

tive to prompt distribution, motivating the need for
intelligent prompt optimization strategies.

2.2 Prompt Optimization and PPO

To address SAM’s prompt sensitivity, Liu et
al. (2025) introduced PPO (Plug-and-Play Point
Prompt Optimizer), a reinforcement learning frame-
work that automatically refines the spatial distri-
bution of point prompts. PPO formulates prompt
optimization as a graph-based decision process, us-
ing a Q-network to update prompts based on self-
supervised reward functions derived from feature and
physical distance matrices. While PPO improves
SAM’s performance on static images, it does not gen-
eralize to temporal data, limiting its use in video seg-
mentation tasks such as colonoscopy.

2.3 SAM Variants and Yolo-SAM

Several works have explored integrating SAM with
other vision backbones or adapting it to specific do-
mains. YoloSAM 2 [Mansoori et al., 2024], for ex-
ample, combines YOLOv8’s object detection capa-
bilities with SAM’s segmentation head to support
real-time, bounding-box-guided instance segmenta-
tion. This fusion give SAM the ability to segment
semantically. However, the process requires finetun-
ing Yolo on medical dataset, which is resource inten-
sive.

3 Method

We build on the PPO framework proposed by Liu
et al. (2025), which utilized deep reinforcement learn-
ing to optimize point prompts generated by DINOv2.
With the prompts distribution, we then used SAM2
to generate segmentation masks. The approach con-
structs a dual-space heterogeneous graph which is a
combination of two homogeneous graphs representing
features, and physical space. A Q-network is trained
to iteratively refine the prompt layout using three ac-
tions: add, remove, or restore nodes (prompt points).

While FM-PPO performs well on natural im-
age segmentation tasks such as FSS-1000 (achiev-
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ing 91.9% mDSC), performance on medical datasets
remains suboptimal. Moreover, the original PPO
framework is limited to static image segmentation
and does not account for temporal coherence across
video frames.

3.1 Our Contribution Temporal PPO

We propose a temporal extension of PPO that
propagates and optimizes point prompts across
frames in a video sequence using SAM2. This en-
ables the model to maintain consistency over time
and adaptively refine prompts based on both spatial
and temporal information.

Additionally, since the first frame of colonoscopy
videos would not have the polyps, the agent will gen-
erate the initial prompts for all frames during infer-
ence alongside with confidence score. The frame with
the highest confidence score will be used as the ref-
erence frame and propagate to other frames using
SAM2. The model architecture is detailed in figure 2

Figure 2: ColonSAM2 Architecture by Adapting
Deep Reinforcement Learning to SAM2.

3.2 Training PPO Agent

For each video-based segmentation task, we use the
first frame (along with its annotated mask) as the
reference image. From this reference, we generate
initial point prompts based on feature similarity using
DINOv2. These prompts serve as the starting state
for the PPO agent.

The agent operates within a dual-space heteroge-
neous graph environment and executes one of three
actions at each step:

• Add: Introduce a new prompt point.

• Remove: Delete an existing prompt point.

• Restore: Re-activate a previously removed
prompt point.

The Q-network is updated based on a reward func-
tion that encourages:

• High similarity between positive prompt points
(homogeneous foreground),

• High dissimilarity between positive and negative
prompt points (foreground vs. background),

• Sufficient spatial separation between prompts to
avoid redundancy or over-segmentation.

As in Liu et al. (2025), the reward is computed us-
ing changes in feature and spatial distances between
successive states. The agent iteratively refines the
prompt distribution until convergence, after which
the optimized prompts are passed to SAM2 to ob-
tain the final segmentation mask.

3.3 Zero-shot SAM2 inference

Our approach operates in a zero-shot fashion with-
out fine-tuning SAM2. Since SAM2 is pretrained
on large-scale datasets (e.g., SA-V and SA-1B) [ci-
tation], it can generalize well to unseen visual pat-
terns. Using the optimized prompts produced by the
PPO agent, SAM2 generates mask for the selected
high confident frame. This mask is then propagated
across video frames to generate consistent and accu-
rate segmentations throughout the sequence.

4 Results

Figure 3 illustrates the effectiveness of our pro-
posed Temporal PPO framework on a sample se-
quence from the SUNSEG colonoscopy dataset. In
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this example, the agent successfully generated posi-
tive point prompts concentrated in the foreground re-
gion, accurately identifying the location of the polyp.
Using these optimized prompts, SAM2 produced a

segmentation mask that closely matches the ground
truth (GT) for the reference frame. Furthermore, the
segmentation is successfully propagated across subse-
quent frames, preserving boundary quality and shape
consistency throughout the video.
This demonstrates that:

• The PPO agent effectively distinguishes between
foreground and background regions via point
prompt refinement.

• SAM2 can perform zero-shot segmentation
with high precision when provided with well-
optimized prompts.

• The temporal propagation mechanism maintains
segmentation quality across frames, even with-
out additional supervision.

Figure 3: Case 2 8 Test Easy Seen.

4.1 Failure Case

Figure 4 presents a case where the PPO agent
successfully optimized positive prompts in the fore-
ground region, resulting in an accurate segmentation
of the reference frame by SAM2. The optimized mask
was then propagated through the first half of the
video with minimal degradation, maintaining strong
alignment with the target polyp across frames.
However, in the second half of the video, the seg-

mentation mask gradually degrades and eventually
disappears. This failure is likely due to:

• Significant changes in camera angle or lighting

• Motion blur or occlusions

• A lack of adaptive prompt updating during prop-
agation

This result highlights a current limitation of our
approach: while temporal PPO performs well in
short, stable sequences, its performance may drop
in longer or more dynamic videos where additional
prompt re-optimization may be necessary.

Figure 4: Case 99 Test Easy Unseen.

Third result segmentation was completely off.

Figure 5: Case 90 1 Test Easy Seen.

5 Conclusion

In this work, we proposed a temporal extension of
the PPO (Point Prompt Optimizer) framework to en-
able zero-shot, temporally coherent polyp segmenta-
tion in colonoscopy videos using SAM2. Our method
leverages DINOv2 features and a reinforcement learn-
ing agent to generate and refine point prompts for the
reference frame, then propagates the resulting mask
across the video sequence. Through experiments on
the SUNSEG dataset, we demonstrated that our ap-
proach can effectively guide SAM2 to produce accu-
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rate segmentation in early frames and maintain rea-
sonable consistency across short video segments.
While the results are promising, several challenges

remain. In longer or more dynamic sequences, we ob-
served that mask quality degrades due to factors such
as camera motion, lighting changes, or occlusions —
especially in the absence of adaptive prompt updates
during propagation. Additionally, the reliance on a
single reference frame limits robustness in cases where
polyp appearance varies significantly across time.

5.1 Future Work

To address these limitations, future work may ex-
plore:

• Online prompt refinement, where prompts are
dynamically re-optimized at key frames.

• Multi-frame reference selection or confidence-
aware updating to improve stability.

• Incorporation of optical flow or temporal atten-
tion to better model motion and guide mask
propagation.

• Extending evaluation to real-time or clinical set-
tings with live endoscopy data.

Overall, this study shows that combining prompt
optimization with strong vision foundation models
like SAM2 opens new opportunities for effective,
annotation-free medical video segmentation — par-
ticularly in early disease detection scenarios like col-
orectal cancer screening.
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