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Abstract. Video polyp segmentation (VPS) is important for automated
colorectal cancer screening, yet it is a very challenging task due to severe
camouflage in mucosal scenes, complex intestinal anatomy, and substan-
tial frame-to-frame appearance variations. Although Segment Anything
Model 3 (SAM 3) is able to provide strong representations for segmen-
tation tasks, directly applying it to endoscopic videos usually cannot
achieve satisfactory performance owing to domain shifts, boundary am-
biguities, and unstable temporal propagation. To address these chal-
lenges, we propose FST-SAM3, a novel parameter-efficient adaptation
framework built on SAM 3 for VPS. FST-SAM3 introduces two inno-
vative yet complementary components. First, we propose a Structure-
Aware Frequency Enhancement (SAFE) module to strengthen structure-
and boundary-sensitive cues under endoscopic appearance. Second, we
develop a Spatio-Temporal Token Refinement Framework (STRF) to
refine temporal information at the token level for more stable cross-
frame segmentation. We freeze the SAM 3 backbone and learn only a
small set of additional parameters, keeping the inference characteristics
close to SAM 3 while improving segmentation performance. We con-
ducted extensive experiments on two benchmarking datasets (SUN-SEG
and CVC-612) under standardized fully automatic (0-point) and first-
frame prompted (1-point at t=0) protocols. Results demonstrate that our
model achieves consistent improvements over state-of-the-art approaches,
including both task-specific baselines and representative SAM-based ap-
proaches. Code is available at https://github.com/GavonW/FST-SAM3.
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Fig. 1: Challenges in VPS. (a,b) Low-contrast camouflage in two adjacent frames. (c)
Position shift, (d) shape change, and (e) scale variation across frames.

1 Introduction

Colorectal cancer (CRC) remains one of the leading causes of cancer-related
mortality worldwide [35]. As the standard care tool for screening and prevention,
colonoscopy enables effective detection and resection of precancerous polyps, sig-
nificantly reducing incidence rates. However, in clinical practice, the effectiveness
and efficacy of colonoscopy rely heavily on subjective judgments of the endo-
scopist, and thus the experience of the endoscopist plays an important role in
the process. During prolonged procedures, factors such as operator fatigue, com-
plex intestinal anatomy, and the subtle appearance of minute lesions contribute
to a polyp miss rate approaching 20% [36]. Consequently, developing reliable
automated polyp segmentation systems is essential for assisting decision-making
and reducing missed diagnoses. Compared to generic video object segmenta-
tion, video polyp segmentation (VPS) exhibits several domain-specific challenges
(Fig. 1). Polyps are often camouflaged with low contrast and blurred boundaries
(Fig. 1 (a) and (b)), making it challenging to extract discriminative features.
Endoscopic motion further induces large variations in viewpoint, scale, and
morphology (Fig. 1 (c) to (e)), causing unstable cross-frame propagation and
temporal drifts. These challenges complicate obtaining accurate and temporally
consistent segmentation in real clinical videos.

Numerous deep learning-based methods have been proposed for polyp seg-
mentation. Early studies [13] mainly focused on 2D images and thus cannot fully
exploit spatio-temporal cues. Later works [5,17] incorporate temporal aggrega-
tion, memory mechanisms, or multi-scale fusion to improve robustness. Never-
theless, progress is constrained by limited domain-specific data and the represen-
tational capacity of conventional backbones, especially under low-contrast and
ambiguous boundaries.

Recently, SAM 3 [2] has emerged as a strong foundation model with improved
representations, as well as a memory mechanism inherited from SAM 2 [34], mak-
ing it a promising backbone for medical video processing tasks. However, directly
adapting such large models to endoscopic VPS remains challenging due to the
domain shift [18] between natural images and colonoscopy videos and the lack
of explicit boundary and structure cues under the standard SAM-style down-
scaled encoding. Prior attempts either rely on computationally expensive full
fine-tuning, or introduce external branches and adapters, which may mismatch
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internal features and fail to jointly address boundary ambiguity and temporal
instability.

To address these challenges, in this paper, we propose FST-SAM3, a novel
SAM 3-based adaptation framework for video polyp segmentation. Our method
introduces two innovative complementary components: Structure-Aware Fre-
quency Enhancement (SAFE) on the encoder side to strengthen structure-sensitive
and boundary-related representations under endoscopic appearance, and Spatio-
Temporal Token Refinement (STRF) on the decoder side to stabilize cross-
frame propagation via token-level temporal refinement. Importantly, we adopt
a parameter-efficient adaptation strategy by freezing the SAM 3 backbone and
learning a small set of additional parameters, which largely preserves the in-
ference characteristics of SAM 3 while improving segmentation accuracy. We
extensively evaluate FST-SAM3 on two benchmarking datasets, SUN-SEG and
CV(C-612, under standardized protocols for both fully automatic inference and
SAM-style first-frame prompting. The proposed model achieves consistent im-
provements over state-of-the-art approaches, including both task-specific base-
lines and representative SAM-based approaches.

The main contributions of this work are summarized as follows:

— We propose FST-SAM3, a SAM 3-based adaptation framework for video
polyp segmentation that targets low-contrast camouflage, boundary ambi-
guity, and temporal instability in endoscopic videos.

— We introduce SAFE and STRF to respectively enhance structure/boundary-
sensitive representations and improve temporal refinement at the token level,
without resorting to an additional heavy side network.

— We perform a parameter-efficient adaptation by freezing the SAM 3 back-
bone and training only a small number of additional parameters, achieving
strong performance on SUN-SEG and CVC-612 under both fully automatic
(0-point) and first-frame prompted (1-point at t=0) protocols.

2 Related Work

2.1 Polyp Segmentation

Image Polyp Segmentation (IPS) has evolved from early Convolutional Neural
Network (CNN) based methods [9,14,31,40] using local features, to hybrid archi-
tectures [10,26,39] combining CNNs with Transformers [37] for global informa-
tion extraction. However, these static image-level approaches discard temporal
dynamics, leading to severe inter-frame inconsistencies. Video Polyp Segmenta-
tion (VPS) addresses this by modeling spatiotemporal correlations using hybrid
2D /3D CNNs [33], normalized self-attention [19,21], or newer paradigms like the
memory-enhanced SALI [17] and Mamba-based STDDNet [5].

Despite this progress, task-specific VPS models often have limited network
capacity and struggle with highly camouflaged lesions [12,25]. To address this
bottleneck, recent studies adapted large vision foundation models for medical
targets [27,41]. However, bridging the domain gap between natural images and
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complex endoscopic scenes [20,42] while extending static representations to con-
tinuous temporal modeling [15,23] remains an open challenge.

2.2 Foundation Models

Unlike task-specific models, vision foundation models use large-scale pre-training
to learn robust representations. The Segment Anything Model (SAM) [24] shows
strong zero-shot generalization in static image segmentation, and its successors,
SAM 2 [34] and SAM 3 [2], extend this capability to the video domain. However,
empirical studies [29,42] show directly applying these models to medical images
causes significant performance drops. This degradation is primarily driven by a
severe domain shift characterized by low tissue contrast, ambiguous lesion bound-
aries, and complex mucosal textures, limiting zero-shot inference effectiveness.
Consequently, general-purpose pre-training is insufficient for camouflaged endo-
scopic scenes, prompting research into parameter-efficient adaptation strategies
for clinical applications.

2.3 SAM-based Methods

To mitigate this degradation on specialized medical data, various parameter-
efficient adaptation strategies have been proposed for SAM-style architectures
[3,8,16]. Many such pipelines initialize with a first-frame prompt (e.g., a point or
box), introducing an interaction budget different from fully automatic methods.
Early video adaptations like MediViSTA-SAM [23] and VP-SAM [15] incorpo-
rate temporal modeling but often add overhead via fixed attention schedules or
external side networks. With the release of SAM 3, new methods have emerged,
but they still face practical limitations in endoscopic VPS. For example, Medical
SAMS3 [22] requires costly full fine-tuning, zero-shot SAM 3 suffers from severe
domain shift [11], and lightweight adapters like SAM3-Adapter [7] operate frame-
by-frame without explicitly modeling temporal continuity.

In parallel, studies on the frequency behavior of transformer attention show
that stacked attention layers tend to smooth features and suppress fine de-
tails. Methods like FDAM [6] construct complementary responses to compen-
sate for this attenuation. Motivated by these observations, we design an adap-
tation framework that is parameter-efficient, preserves SAM 3 internal repre-
sentations, and explicitly addresses boundary ambiguity and temporal instabil-
ity in endoscopic videos. Our method introduces a Structure-Aware Frequency
Enhancement (SAFE) module for structure and boundary-sensitive cues and a
Spatio-Temporal Token Refinement Framework (STRF) for token-level temporal
refinement, without relying on heavy side networks.

3 Method

3.1 Overall Architecture

Although the Segment Anything Model (SAM 3) shows strong zero-shot ca-
pabilities, directly transferring its large-scale pre-trained priors to video polyp
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Fig. 2: Overview of FST-SAM3. We augment frozen SAM 3 with SAFE and STRF:
SAFE enhances structure/boundary cues in the encoder, and STRF builds spatio-
temporal tokens to guide the decoder for coherent video polyp segmentation.

segmentation (VPS) poses two fundamental challenges. First, the endoscopic do-
main differs substantially from natural images in texture spectra and appearance
statistics, leading to severe representation shift. Second, while SAM 3 propagates
information across frames via memory, it lacks fine-grained correction to prevent
unreliable predictions from being carried forward. As a result, errors can accu-
mulate over time, causing temporal jitter and progressive erosion of delicate
structures.

To address these limitations, we keep the SAM 3 backbone frozen and add
two lightweight modules: Structure-Aware Frequency Enhancement (SAFE) in
the encoder and Spatio-Temporal Token Refinement (STRF) in the decoder,
as shown in Fig. 2. SAFE reduces the appearance gap between endoscopic
and natural images by strengthening structure cues and high-frequency details,
whereas STRF limits error accumulation during propagation through quality-
aware spatio-temporal token refinement. Given an endoscopic video, each frame
is encoded with SAFE, and STRF maintains spatial and temporal tokens, fuses
them into a spatio-temporal token, and replaces the original mask token in the
decoder to yield temporally stable segmentation masks.

3.2 Structure-Aware Frequency Enhancement

Polyp regions in colonoscopic videos are often camouflaged and low-contrast.
As a result, directly applying SAM 3 to this domain can lead to a noticeable
representation gap, which commonly appears as over-smoothed boundaries and
missing fine structures. We introduce Structure-Aware Frequency Enhancement
(SAFE). As shown in Fig. 3, SAFE inserts a Frequency-Spectrum Adapter (FSA)
and an Attention Residual Compensation (ARC) module into the SAM 3 image
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Fig. 3: Architecture of SAFE. (a) Frequency-Spectrum Adapter (FSA) for frequency-
based enhancement. (b) Attention Residual Compensation (ARC) for residual com-
pensation.

encoder to strengthen structure cues and preserve fine details that are otherwise
weakened by attention.

Frequency-Spectrum Adapter (FSA). FSA adopts a dual-branch design
to inject boundary-related high-frequency cues while preserving the semantics
of SAM 3 features. For the i-th encoder stage, let F; € RE*H:ixWi denote the
stage feature. We compute a high-frequency residual feature F?f from the input
frame in the frequency domain. Specifically, given I € R3*#XW we compute its
channel-wise frequency representation z = fft(I) (with ifft(-) denoting the inverse
transform), shift low-frequency coefficients to the center of the spectrum, and
apply a binary square high-pass mask My, € {0, 1}7*W:

0, ’u—%’<€(r) A |v—%’<€(r)7

1, otherwise.

My, (u,v) = { (1)

Here £(r) controls the side length of the masked low-frequency square and is
chosen such that the masked area accounts for a fraction r of the spectrum (i.e.,
40(r)? ~ rHW). The high-frequency response is recovered by

1" = |ifft(z © My,)| . (2)

Following EVP [28] and our empirical validation, we set = 0.25. In practice, we
transform 1"/ into a multi-scale high-frequency pyramid through a hierarchical
patch-embedding pipeline, yielding stage-wise features F?f € RO xHixWi

The recalibration branch reweights channels to improve robustness under
endoscopic appearance variations. We form the gate from two complementary
statistics: global average pooling (GAP) summarizes the overall activation of
each channel, while global max pooling (GMP) highlights its most salient re-
sponses, which often align with structural cues such as boundaries. Their sum,
followed by a sigmoid, yields a channel-wise mask that recalibrates the feature
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responses, producing the recalibrated feature F7°:
Fi°=F,; © o(GAP(F;) + GMP(F,)), (3)

where ® denotes channel-wise multiplication. We then merge the two branches
through an MLP residual adapter:

F, =F, + MLP,, (GELU (MLPdown (F?f + F))) . (4)

Attention Residual Compensation (ARC). Due to the inherent low-
pass filtering behavior of standard Transformer blocks, stacked attention lay-
ers tend to preserve low-frequency semantics while weakening boundary-level
details. ARC addresses this issue inside encoder attention blocks by restoring
high-frequency residuals with data-dependent modulation. Let Y denote the
scaled dot-product attention output, and let V denote the value matrix. We
define the high-frequency residual as Vs =V - Y.

ARC conditions the modulation on the current attention response. We pass
Y through StarReLU to obtain a dynamic feature Fy, = StarReLU(Y), then
predict low- and high-frequency weights with two linear projections:

Wlf = Linearlf(de), th = Linearhf(de). (5)
The refined attention output is computed as:
Y =Y + 7 (Wi ©Y) + 79 (Why © Viy), (6)

where © denotes element-wise multiplication and +;¢, v, are learnable scaling
parameters. Through FSA and ARC, SAFE injects high-frequency cues and
recalibrates channel responses, while also recovering high-frequency residuals
attenuated by attention, helping the encoder retain sharp boundaries and fine
structures.

3.3 Spatio-Temporal Token Refinement Framework

SAM 3 supports memory-based propagation, yet its temporal updates can be
brittle on camouflaged polyps with weak boundaries. Minor errors may persist
in the propagated state and gradually compound, leading to jitter and boundary
drift over time. We therefore introduce the Spatio-Temporal Token Refinement
Framework (STRF), which modifies the decoder input by adding a small set
of tokens, without changing the frozen SAM 3 backbone. STRF constructs a
spatial token as a structural anchor and updates a temporal token to summarize
history; the two are fused into a fusion token that replaces the mask token in
the SAM 3 decoder, improving cross-frame coherence and boundary quality.
Spatial Token Construction (STC). We build a compact spatial token s;
that serves as a structure-aware reference for the decoder. Unlike the mask token
used in standard decoders, s; is derived from multi-scale encoder features and
thus summarizes complementary cues across depth and resolution. In particular,
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Fig. 4: Architecture of STRF, consisting of Spatial Token Construction (STC) and
Quality-Aware Temporal Token-Guided Update (TGU).

it aggregates early-stage features that retain fine textures and edges together
with late-stage features that carry stronger semantics, making the resulting token
more sensitive to fine-grained structures.

Concretely, we take K =3 encoder feature maps from different stages {Fy  }H<_,
and project each map to D=256 with a 1x1 convolution, followed by Global Av-
erage Pooling:

21y = GAP(Convl®) (F; ) e R™*P. k=1,... K. (7)

We concatenate the scale tokens as Z; = [z¢1,...,2Z k] € REXDP A lightweight
multi-head attention module with h=4 heads aggregates Z; using a learnable
query q € R *P:

a, = MHA(q, Z;, Z;) € R*P. (8)

Finally, we apply a linear projection followed by LayerNorm to obtain the spatial
token:
s; = LN(Linear(a;)) € R”. (9)

Overall, STC condenses multi-scale encoder cues into a single token that can
be directly consumed by the decoder, providing a stable structural anchor for
subsequent temporal refinement.

Quality-Aware Temporal Token-Guided Update (TGU). Given s,
TGU updates the temporal state while reducing error accumulation under inter-
frame variations. Let X; € REXHWXC denote the output of SAM 3 memory
attention at frame ¢. We use the previous temporal token g;_1 as the Query to
attend to X; (Key/Value), yielding an updated historical token §, € REX1xC,

To control the write-back to the temporal state for the next frame, we intro-
duce a quality-aware gate based on two scalar signals derived from the current
prediction. The first is a prediction-quality score from the decoder’s IoU head:

q = max(it), (10)
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where i; is the IoU-head output over multiple mask candidates at frame t. The
second is an inter-frame variation score that reflects prediction instability:

0, t=0,

H W
1
oW ZZ |Pi(u,v) — Pr—1(u,v)| - Pi(u,v), t>0,
u=1v=1

where P, = o (M) is the foreground probability map of the selected mask can-
didate at frame ¢, chosen by the highest IoU-head score. We refer to A; as
the change score; larger values indicate more abrupt prediction changes, where
smaller candidate updates are preferred.

The gate coefficient is computed as:

ap = U(qut - wAAt) ) (12>

where o is the Sigmoid function and w,, wa are learnable scalars. We form a
candidate update token by combining the current spatial token with the updated
historical token:

Cy = MLP([St, gtD’ (13)

and update the temporal token as:
9t = (1 — 1) g + ovecy. (14)

The updated token g; is carried to frame t+1 as a compact historical prior.
For the current frame, we fuse the spatial and historical tokens to form a
fusion token:
ft = MLP(St + Qt), (15)

which replaces the original mask token in the SAM 3 decoder to predict the polyp
mask at frame ¢. STRF combines STC and TGU to improve video propagation
stability. STC summarizes multi-scale structure cues into a spatial anchor, and
TGU updates the temporal state with quality-aware gating, which reduces drift
and keeps boundaries consistent over time.

3.4 Loss Functions

To train FST-SAM3, we optimize a joint objective consisting of a structure-aware
segmentation loss and a temporal consistency regularization.

Structure-Aware Segmentation Loss. Endoscopic polyps often exhibit
blurred boundaries and low contrast, where uniform pixel-wise losses can under-
emphasize boundary regions. Motivated by structure-aware objectives used in
polyp segmentation [13], we adopt a loss that up-weights hard boundary pixels.
Specifically, the predicted mask P; from the mask decoder is supervised against
the ground-truth mask Y; using a combination of weighted Binary Cross-Entropy
(wBCE) and weighted Intersection over Union (wloU):

Loeg(Pr,Y:) = Luncr (P, Y2) + Latou (P, Yr). (16)
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Temporal Consistency Loss. To reduce temporal jitter and encourage
smooth propagation of historical context, we regularize the latent temporal token
maintained by STRF. We penalize abrupt token fluctuations using a margin-
based cosine distance:

Liemp (9, G1—1) = maX(l — cos(g¢, gr—1) — 0, 0)7 (17)

where 9§ is a tolerance margin. This loss encourages the temporal token to evolve
smoothly across adjacent frames.
Final Loss. The final training objective is formulated as:

‘Ctotal = Eseg(Pta }/t> + )\‘Ctemp(gh gt—l)- (18>

We choose A = 0.1 so that Liemp acts as a mild regularizer relative to Lgeg, and
set § = 0.3 to tolerate small token variations while penalizing abrupt changes.

4 Experiments

4.1 Experimental Setups

Datasets. We evaluate on two widely used colonoscopy video segmentation
benchmarks, SUN-SEG [21] and CVC-612 [1]. SUN-SEG contains 49,136 frames
from 285 sequences and provides an official split into a training set (19,544
frames/112 sequences), SUN-SEG-Easy (17,070/119), and SUN-SEG-Hard (12,544 /54).
CV(C-612 contains 612 frames from 31 sequences; we split it at the sequence level
into train/val/test with a 6:2:2 ratio to avoid frame-level leakage. For SUN-SEG,
20% of the training sequences are reserved for validation.

Evaluation metrics. We employ four standard metrics: structure measure (S, ),
enhanced-alignment measure (Ey), weighted F-measure (F§’), and Dice score.
Implementation details. FST-SAMS3 is implemented in PyTorch and trained
on a single NVIDIA GeForce RTX 3090 GPU. All frames are resized to 352 x 352,
and the clip length is set to L = 6. We train for 15 epochs with batch size 2 using
AdamW, with the learning rate decayed from 1x10~% to 1x107°. In Table 1, PE
denotes the frozen perception encoder of SAM 3. For a controlled comparison, all
SAM-based methods use the same first-frame prompt: one positive point at t=0
sampled from the ground-truth foreground, with a fixed random seed to keep
prompt locations identical across methods. Task-specific methods are evaluated
in their fully automatic setting without prompts.

4.2 Comparison with State-of-the-art Methods

To demonstrate the superiority of our proposed method, we compare our method
with several state-of-the-art (SOTA) methods, including task-specific methods
ZoomNeXt [32], MAST [4], PNS+ [21], SALI [17], and STDDNet [5], and SAM-
based methods SAM3 [2], CamSAM2 [43], MedSAM2 [30], DAPSAM ([38], and
VP-SAM [15].
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Table 1: Quantitative comparison under two standardized protocols: Fully Automatic
(0-point init) and First-frame Prompted (1-point at t=0).

SUN-SEG-Easy SUN-SEG-Hard CVC-612

Method Year| Backbone -

Sa Eg FY¥ Dice| Sa Eg Fg Dice | Sa Ey Fg  Dice
Fully Automatic (0-point init)
PNS+ 2022|Res2Net-50| 85.64 87.91 77.24 82.03|84.17 86.54 74.89 78.86|94.60 96.43 89.51 92.89
MAST 2024| PVTv2-B2|85.20 91.58 78.20 79.77|86.25 92.39 78.79 81.05|93.35 96.67 89.07 91.37
STDDNet 2025/ PVTv2-B2|89.84 93.43 85.08 85.86|88.75 92.66 83.32 84.5993.97 95.56 87.78 90.39
ZoomNeXt 2024| PVTv2-B5 | 88.25 92.02 80.56 86.89|87.64 90.79 80.21 86.50|94.52 97.61 92.29 93.05
SALI 2024| PVTv2-B5 | 89.16 93.42 83.03 85.26 |88.69 92.98 81.30 84.26|94.41 97.30 90.93 93.02
Ours (0-point init)  [2026 PE 92.12 95.00 86.47 89.53(92.17 94.53 85.40 89.39(|95.31 98.07 92.31 94.40

First-frame Prompted

(1-point at t=0)

SAM3 2025
CamSAM2 2025
MedSAM2 2024
DAPSAM 2024
VP-SAM 2024

Ours (1-point at t=0)[2026

PE
Hiera-T
ViT-B
ViT-B
ViT-B
PE

79.49 80.13 65.98 72.01
86.11 91.41 81.06 82.75
87.14 90.36 79.26 81.88
82.56 88.61 72.04 73.46
90.89 94.26 84.73 87.56
92.50 95.36 87.39 90.12

81.83
86.41
84.69

82.49 67.96 75.17
90.05 78.15 80.66
88.19 74.94 T77.42
82.67 89.85 72.89 73.18
88.93 92.13 82.98 85.28
92.54 95.30 87.01 90.01

87.38
91.40
92.56

88.96 76.55
95.89 89.14
94.23 85.20
91.76 95.62 87.75 90.68
93.26 95.75 89.63 92.33
95.47 98.26 92.58 94.50

74.81
90.12
88.56

Table 2: Ablation of SAFE on SUN-SEG
(Dice and Fg’).

Table 3: Ablation of STRF on SUN-SEG
(Dice and Fg').

FSA ARC ‘ Easy Hard STC TGU ‘ Easy Hard
‘ Fy  Dice Fg  Dice no-gate Full‘ Fg  Dice Fg  Dice
80.83 84.00 78.16 82.24 83.92 86.39 82.18 85.58
v 84.18 86.03 82.40 84.82 v 86.01 88.42 83.59 86.43
v | 8319 85.57 83.17 86.33 v v 86.33 89.01 84.70 88.21
v v’ |86.47 89.53 85.40 89.39 v v |86.47 89.53 85.40 89.39

Comparison with SOTA methods. As shown in Table 1, our proposed
method achieves significant performance improvements across all metrics com-
pared to SOTA task-specific methods. This superiority is primarily attributed to
our SAFE and STRF modules, which effectively capture high-frequency struc-
tural details and maintain spatio-temporal consistency. Furthermore, our ap-
proach consistently outperforms recent SAM-based methods. This indicates that
we successfully adapt the powerful representation capabilities of SAM 3 to the
complex colonoscopy video domain. By robustly disentangling highly camou-
flaged polyps and exploiting valuable temporal dynamics, our method demon-
strates exceptional accuracy and robustness.

Visual Comparison with SOTA. Fig. 5 compares FST-SAM3 with repre-
sentative task-specific and SAM-based baselines on SUN-SEG without prompts.
Competing methods often miss parts of the polyp or bleed into background re-
gions, leading to jagged boundaries under low contrast, specular highlights, and
complex folds. FST-SAMS3 produces cleaner masks with more accurate bound-
aries. The gain aligns with our design: SAFE enhances boundary cues in the
encoder, and STRF refines spatio-temporal tokens in the decoder to keep prop-
agation stable across frames.
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Fig. 5: Visual comparison with SOTA methods on SUN-SEG. Red, green and yellow
represent the GT, prediction and their overlapping regions, respectively. (w/o prompts)
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Fig. 6: Visualization analyses for SAFE on SUN-SEG. (a) t-SNE of image embeddings
w/o SAFE. (b) t-SNE of image embeddings w/ SAFE. (c) Visual comparison of image
embeddings across SAFE components.

4.3 Ablation Studies

Effectiveness of SAFE. Table 2 validates SAFE and its components. Adding
FSA brings clear gains, consistent with frequency-based enhancement improv-
ing ambiguous boundaries. ARC further improves performance, suggesting that
attention-level compensation complements structure enhancement. Fig. 6(a,b)
shows reduced foreground—background overlap in the embedding space after
SAFE, and Fig. 6(c) indicates stronger structure responses with suppressed back-
ground activations under camouflage.

Effectiveness of STRF. Table 3 reports progressive ablations for STRF. STC
improves accuracy, indicating that multi-scale features provide a stronger spatial
anchor. For TGU, the ungated update improves propagation, and the quality-
aware gate yields consistent additional gains, supporting its role in suppressing
noisy write-back. Fig. 7(a) further evaluates temporal stability using the CDF
of per-sequence Dice variance (computed from frame-wise Dice within each test
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0.6:

w/o STRF

w/STC

w/ STC + TGU (no-gate)
w/ STC + TGU (Full)

0.4:

0.000 0.025 0.050 0.075 0.100 0.125 Frame GT w/o both w/ STC w/ both

(a) (b)

0.2

Fig. 7: Analyses of STRF on SUN-SEG. (a) CDF of per-sequence Dice variance (lower
is better). (b) Qualitative visualization of STRF ablations.

Frame GT SAM3(1pt) SAM3(3pts) SAM3(5pts) SAM3(bbox) Ours(1 pt) Ours(3 pts)  Ours(5 pts) Ours(bbox)

Fig. 8: Comparison under different manual prompts. Red, green, and yellow denote
the ground truth, prediction, and overlap. Blue points are positive and purple points
are negative.

sequence); the full STRF achieves the most favorable curve. Fig. 7(b) provides
qualitative examples.

Impact of Prompting Strategies. Fig. 8 compares SAM 3 and our method
under different first-frame prompt types and budgets (1/3/5 points and box
prompts). Under sparse point prompts, our method produces more coherent
masks with fewer boundary defects, suggesting reduced reliance on precise first-
frame interactions. Fig. 9 varies the number of automatically generated positive
points provided only at t=0; performance shows diminishing returns as more
points are added, and remains strong even with a single point.

Impact of Input Clip Length. Fig. 10 studies the input clip length L. Increas-
ing L from 1-3 to a moderate window improves the median Dice on SUN-SEG-
Easy and SUN-SEG-Hard. Performance peaks around L=6-7, while longer clips
bring little benefit and can slightly reduce accuracy, likely due to accumulated
noise and increased misalignment under rapid motion.

4.4 Discussion and Limitations

FST-SAM3 adapts SAM 3 to colonoscopy videos with a small number of addi-
tional parameters. As shown in Table 4, the frozen SAM 3 backbone dominates
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Fig.9: Ablation on the number of point  Fig. 10: Ablation on input clip length L.
prompts.

Table 4: Efficiency comparison of FST-
SAMS3 vs. SAM 3 on SUN-SEG-Hard (single
RTX 3090, batch size = 1).

Method Dice Total Params GFLOPs FPS
SAM 3 (frozen) 7517  473.0M 94532 24.59
FST-SAM3 (Ours) 90.01 476.7M 99514 1643
Ours overhead -+14.84 +3.7M  +49.82 -8.16  Fig. 11: Failure cases. Red, green, and

yellow represent the GT, prediction,
and overlapping regions.

both compute and parameter count. With an overhead of +3.7M parameters
and +49.82 GFLOPs, FST-SAM3 improves Dice on SUN-SEG-Hard from 75.17
to 90.01, while FPS drops from 24.59 to 16.43 (RTX 3090, batch size = 1). This
trade-off suggests that our benefit comes from lightweight adaptation on top of
a frozen backbone, rather than reducing backbone complexity.

Failure cases are shown in Fig. 11. The model can fail on flat, highly camou-
flaged lesions whose texture is close to surrounding mucosa, where both boundary
cues and motion cues are weak. Occlusions from instruments and severe trunca-
tion can further disrupt temporal context and degrade boundaries. Future work
will consider illumination-robust features and explicit occlusion handling.

5 Conclusion

We present FST-SAMS3, a parameter-efficient SAM 3 adaptation framework for
video polyp segmentation. SAFE enhances boundary cues in the encoder, and
STRF refines spatio-temporal information at the token level to stabilize cross-
frame propagation. By freezing SAM 3 and training only a small set of addi-
tional parameters, FST-SAMS3 keeps an inference profile close to SAM 3 while
improving segmentation quality. Experiments on SUN-SEG and CVC-612 un-
der standardized 0-point and first-frame 1-point (¢=0) protocols show consistent
improvements over task-specific and SAM-based baselines. Future work includes
improving robustness under severe occlusions and illumination changes, and ex-
ploring more efficient token update and memory schemes to reduce runtime
overhead while maintaining temporal stability.
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