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Abstract. The early detection and prevention of colorectal cancer (CRC) is highly
dependent on the accurate polyp segmentation from endoscopic videos. However,
existing video polyp segmentation (VPS) methods are largely hampered by the
scarcity of large-scale, high-quality pixel-level annotations. While some semi-
supervised VPS models have been proposed, their performance is limited by the
unreliability of pseudo-labels produced in the training process. In addition, inher-
ent challenges of endoscopic videos, such as low contrast, significant inter-frame
variations, and consecutive low-quality frames, further exacerbate the above is-
sues. To address these shortcomings, we propose a unified semi-supervised video
polyp segmentation framework, dubbed synergistic confidence—dispersion learn-
ing (SCDL), which aims to simultaneously improve pseudo-label reliability, re-
duce regional supervision bias, and alleviate ambiguities caused by low-contrast
features. Our framework has three innovative components: (1) a new spectral
convex optimization separation (SCOS) algorithm, which employs convex opti-
mization in a confidence—dispersion space for robust pseudo-label selection, (2)
contextual consistency perturbation (CCP), a novel augmentation strategy that
reduces regional supervision bias by forcing semantic reconstruction from unre-
liable areas; and (3) a prototype-guided adaptive refinement (PAR) module that
leverages prototype-driven aggregation and object-aware fusion to sharpen feature
discrimination, suppress background clutter, and strengthen temporal coherence.
Extensive experiments demonstrate that our model consistently achieves SOTA
performance on the SUN-SEG dataset across all labeled-data ratios, and exhibits
zero-shot generalization capability on the unseen CVC-ClinicDB dataset. Code
are available at https://github.com/Yuanqin-He/SCDL.
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1 Introduction

Colorectal cancer (CRC) [41] is among the most prevalent malignancies worldwide
and poses a substantial threat to human health and life. Since most CRCs develop
from benign polyps, automatic and accurate segmentation of polyps in endoscopic
videos plays a crucial role in early detection and prevention of CRC [2]. Although
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Fig. 1: Challenges of VPS including (a) low contrast between polyps and background, (b) signif-
icant variations between adjacent frames, and (c) consecutive low-quality frames.

fully-supervised deep-learning methods have achieved remarkable success in polyp
segmentation in recent years, most of them are developed for static colonoscopy images
[9,38,40,51], and thus largely ignore temporal signals embedded in videos. To this
end, these models cannot achieve satisfactory performance on colonoscopy videos. To
sufficiently exploit temporal cues, some video polyp segmentation (VPS) models have
been proposed [3, 15, 17,45]. Despite some progress, these models are still limited
by the scarcity of costly high-quality pixel-level annotations, making them difficult to
deploy in clinical settings.

To circumvent this bottleneck, some semi-supervised learning (SSL) models have
been proposed to strategically leverage abundant unlabeled data with limited labeled
samples for polyp segmentation. Traditionally, SSL typically relies on mechanisms,
such as self-training [7,42,55] and consistency regularization [18,28,43] to en-
hance generalization capability. Most recently proposed SSL methods [34,37,48] adopt
pseudo-label supervision strategies, treating high-confidence predictions on unlabeled
frames as reliable self-training targets. However, these strategies are highly dependent
on the assumption that high confidence predictions imply high-quality labels. Such an
assumption is, however, often violated in VPS from endoscopic videos.

The VPS has some unique challenges compared with natural video analysis tasks,
such as (a) intrinsically low contrast between polyps and surrounding tissue, (b) large
inter-frame variations, and (c) frequent consecutive low-quality frames (see Figure 1).
These challenges exacerbate network overconfidence, leading to high-confidence but in-
correct pseudo-labels, particularly in low-contrast regions that lack discriminative cues.
Furthermore, temporal continuity amplifies this issue: the erroneous high-confidence
labels propagate across frames, resulting in accumulated errors, unstable temporal con-
sistency, and ultimately, degraded segmentation quality. Recently, some semi-supervised
VPS models [21,50] have been proposed to meet these challenges by modeling temporal
interactions between labeled and unlabeled frames. However, they still cannot effectively
suppress the propagation of noisy pseudo-labels, which are a major cause of degraded
performance. Therefore, currently, a key challenge for semi-supervised VPS is how to
leverage unlabeled frames robustly while explicitly mitigating pseudo-label overconfi-
dence, so that learning is not misled by confident yet incorrect patterns, especially in
low-contrast regions.

In this paper, we propose SCDL, a semi-supervised VPS framework that integrates
PAR, SCOS, and CCP into a closed-loop learning process to jointly improve pseudo-
label reliability, temporal consistency, and ambiguous-region learning. The three com-
ponents are structurally and functionally interdependent: the prototype-guided adaptive
refinement (PAR) module provides base spatio-temporal representations, whose predic-
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tion statistics (confidence and dispersion) are mathematically exploited by the spectral
convex optimization separation (SCOS) algorithm to derive sample-adaptive selection
boundaries—without heuristic thresholds. Based on these boundaries, the contextual
consistency perturbation (CCP) module masks reliable regions, forcing the network to
reconstruct semantics from ambiguous areas. The resulting gradients in turn drive PAR to
better aggregate temporal cues from low-contrast boundaries via implicit/explicit object-
aware fusion and prototype-guided historical frame memory. Through this continuous
forward data flow and backward gradient feedback, SCDL jointly mitigates pseudo-label
overconfidence, regional supervision bias, and low-contrast feature ambiguity. Extensive
experiments demonstrate that SCDL consistently achieves state-of-the-art performance
on SUN-SEG across all labeled-data ratios, and exhibits robust zero-shot generalization
on the unseen CVC-ClinicDB dataset. We summarize our main contributions as follows:

— We propose a novel semi-supervised VPS model, dubbed as SCDL,; its core com-
ponent is SCOS, an innovative algorithm to ensure robust pseudo-label selection
by modeling predictions in a confidence-dispersionn feature space and maximizing
separability via convex optimization.

— We further introduce a new mask-based augmentation strategy, called CCP, that
alleviates regional supervision bias by compelling semantic reconstruction from
unreliable regions via targeted masking of reliable predictions.

— We design a PAR module, which leverages historical object prototypes to adaptively
refine features. This effectively resolves low-contrast ambiguity and strengthens
spatio-temporal consistency in video sequences.

— Comprehensive experiments on the SUN-SEG dataset demonstrate that our model
consistently outperforms SOTA methods. Furthermore, it exhibits exceptional zero-
shot generalization capabilities on the unseen CVC-ClinicDB dataset.

2 Related work

2.1 Polyp Segmentation

Deep learning has driven substantial advances in image polyp segmentation (IPS). Early
IPS relied on convolutional neural networks for localized feature extraction [8,40], but
their limited global view often produces blurred boundaries and suboptimal predictions.
To mitigate this, Transformer-based or hybrid CNN-Transformer architectures were
adopted to strengthen global context modeling [19,32,49], often combined with explicit
boundary-aware constraints for edge refinement [8, 11,52]. However, static IPS methods
ignore temporal information, motivating the development of VPS to better handle dy-
namic scenes. Initial VPS approaches fused spatial and short-term temporal cues using
hybrid 2D/3D convolutions [26], but their limited receptive field hampers capture of
long-range temporal dependencies. This motivated attention-based designs [16], and
methods such as PNS+ [17] that model global temporal relations across sequences.
Despite their effectiveness, global attention mechanisms can be computationally heavy
and vulnerable to noise; consequently, more efficient keyframe-guided schemes that
use high-quality frames as anchors have been proposed [15,46]. However, the scarcity
of pixel-level annotations in clinical settings limits the scalability of supervised VPS
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methods, making SSVPS a more practical choice. Consequently, leveraging abundant
unlabeled frames becomes essential for easing the annotation bottleneck.

2.2 Semi-supervised Segmentation

The core challenge of semi-supervised segmentation (SSS) lies in effectively leveraging
unlabeled images alongside limited labeled data. Current research in semi-supervised
semantic segmentation mainly focuses on self-training [7,42,55] and consistency reg-
ularization [18, 28, 43]. While effective, these methods often suffer from distribution
mismatches, leading to inaccurate supervisory signals. To address this, two main direc-
tions have been explored. One improves threshold-based pseudo-labeling, such as Soft-
Match [5], which models confidence with a Gaussian distribution for adaptive thresholds,
though such methods rely on restrictive assumptions. The other introduces additional
confidence metrics, including ensembles [35] and auxiliary discriminators [20], but at
higher computational cost. The core challenge remains generating accurate pixel-level
pseudo-labels. Methods such as PS-MT [22] and UniMatch [47] improve consistency
or separate features but rarely enhance pseudo-label quality directly. Recent approaches
address this using AEL [13] to emphasize reliable predictions, DAW [30] to adapt thresh-
olds based on labeled distributions, ESL [23] with multi-hot labels, and CorrMatch [29]
to propagate labels via correlation maps, though biased supervision remains a chal-
lenge. Recent work in semi-supervised video polyp segmentation aims to make efficient
use of limited annotations. TCCNet [21] and SSTAN [50] use temporal modules to
enable feature interaction between labeled and unlabeled frames, supervising only the
labeled positions. PSDNet [14] employs a dual-teacher framework to generate and fuse
temporal pseudo-labels with stable semantic guidance. More recent methods, such as
VPSentry [4] and SSL-CPCD [44], further explore video-specific temporal model-
ing and clustering-based pseudo-label refinement. Despite these advances, completely
eliminating pseudo-label bias remains challenging. Unlike previous approaches, SCDL
introduces additional metrics to address the low discriminability of confidence scores
and explicitly mitigates supervision bias caused by pseudo-labels.

3 Method

3.1 Preliminaries

In semi-supervised video polyp segmentation (SSVPS), the training set comprises a
small labeled set D; = {(x!,y))}" and a much larger unlabeled set D, = {x*}"V*,
where N; < N,,. Each input x, € R3>#*W has height H and width W. The pixel-wise
label map y; € {0, 1}77*W encodes the binary polyp/background segmentation. For the

segmentation network 7, the supervised loss is:

B

1
Ls=— » CE(y,, F(A,(x))), (1)
By =1

where By is the labeled batch size, CE(-, -) denotes cross-entropy, and A, (-) is weak
augmentation. For unlabeled data we adopt a weak-to-strong consistency scheme [47].
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Fig.2: Overview of our proposed SCDL. PAR addresses low-contrast ambiguity and enhances
temporal consistency to improve feature representations, thereby facilitating more reliable pseudo-
label generation. SCOS embeds residual dispersion into a confidence—distribution space and,
through spectral relaxation, formulates the construction of M, as a convex optimization problem
to derive sample-adaptive selection thresholds. CCP provides auxiliary supervision by encour-
aging the network to reconstruct semantic context in regions with unreliable pseudo-labels,
compensating for the loss of reliable supervisory signals.

Given an unlabeled batch of size By, the unsupervised loss is:

. 1 & 9 ’
L= B ; M; © CE($Y, F(As(Au(x)))), )

where ¥ is the pseudo-label produced from 7 (A, (x})), As(+) is strong augmentation,
and M; is the pseudo-label indicator map. In the baseline, M; is obtained by simple
confidence thresholding:

M; =1(max(F (A, (x}))) > 1), 3)

with I(-) the indicator function and 7 the confidence threshold. This fixed-threshold
strategy, however, leads to cognitive bias and supervision gaps.

To mitigate these problems, we propose SCDL (see Figure 2). Instead of function-
ing as a sequence of independent stages, the three components in our framework are
designed to form an interdependent learning process. First, the PAR module resolves
low-contrast ambiguity and enhances temporal consistency, producing stronger features
that obtain reliable pseudo-labeling. Next, SCOS incorporates residual dispersion into
a confidence—distribution space and, via spectral relaxation, casts the construction of
M; as a convex optimization to obtain sample-adaptive selection boundaries. Finally,
CCP supplies additional supervisory signals by compelling the network to reconstruct
semantic context from regions with unreliable supervision, thereby compensating for
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Fig. 3: Structure of the PAR. The PAR fuses high-resolution features with memory-derived pro-
totypes to produce temporally-consistent, object-aware features for reliable pseudo-labeling.

the error guidance in challenging areas. This targeted perturbation provides augmented
supervisory signals during training, which iteratively refines the feature representations
fed back into the PAR module, thereby establishing a naturally synergistic training loop.

3.2 Prototype-guided Adaptive Refinement

To fundamentally address low-contrast ambiguity and improve temporal consistency,
we design a prototype-guided adaptive refinement (PAR) module, as shown in Figure 3,
which lays a stronger foundation for subsequent pseudo-label selection and mask refine-
ment. The PAR module extracts fine-grained, high-resolution polyp features from the
current frame via Implicit Object-aware Fusion (IOF), mitigating the low-contrast effect
of the surrounding mucosa. Concurrently, it employs Object-aware Prototype Genera-
tion (OPG) to abstract and store discriminative polyp prototypes from historical frames,
and leverages Explicit Object-aware Fusion (EOF) to integrate these prototypes into the
current-frame features, thereby strengthening polyp localization across space and time.

Early encoder layers capture detailed textures, while deeper layers encode semantics.
Since early features are only implicitly object-aware, we introduce an IOF module to
fuse them with memory-conditioned features for better representation. For ResNet, four
feature maps from the image encoder are extracted for each frame, i.e., L = 4. We have
FY,F}, F? and F? for the current frame x,. We denote the memory-conditioned feature
as F/"*", encoded by the memory-attention module on F, t3 To propagate temporal priors,
we maintain a FIFO memory bank (T = 8) storing past F> features. Following [27],
F"em is generated via cross-attention, where the current F; acts as the Query and
memory features serve as Keys and Values. This effectively retrieves relevant temporal
context, ensuring robust inter-frame consistency. The high-resolution features F,O, F}
and F? are fused with F*™ via compression modules and point-wise addition to create
a refined feature representation Fti"f € Re0XMoXWo_where a compression module C(-)
consists of two convolutional layers, followed by an upsampling layer, to create compact
representations. This process is given by:

Fi* = Co(FY) + Ci(F)) + Ca(F) + C3(Fye™). @
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After obtaining F,i(’f , we further refine it by EOF, which exploits explicit object-
aware information from the current frame and previous frames, through employing
object prototypes. We have three steps to fuse informative features. First, feature F, of
is concatenated with the previous contextual representation R;_,, followed by a convo-
lutional layer to reduce the channel dimension back to cg, yielding:

Fo7 = Conv([ /T, RE_, 1). Q)

This step effectively merges historical contextual priors with the current frame’s rep-
resentation, enabling inter-frame consistency propagation. Second, F, of goes through a
cross-attention layer. Prototypes generated from previous frames, representing discrim-
inative clustered features, serve as informative priors to help distinguish the polyp from
its background. A cross-attention mechanism takes F, °f asa query, and leverages these
prototypes as keys and values, effectively exploiting the information within the object
prototypes to refine F°/ . Formally, we update F{°/ by conducting cross-attention with
prototypes $; = {Py, P1, ..., P,_1} from previous frames, given by:

Fm = Aun(F{ P, P)). 6)

Finally, the attention-refined feature F*''" is combined with the previous contextual
representation R;_,. Specifically, Ry, is first processed through a convolutional layer
and then fused with F#*'" through point-wise addition. This yields the updated contextual
representation Ry for the current frame:

R{ = F{""™ 4+ Conv(R¢_,). )

To effectively capture representative polyp object appearances inside the predicted
mask, we design the OPG. OPG first applies Farthest Point Sampling (FPS) [24] to
select k well-distributed points within the predicted mask as initial cluster centers. A
single iteration of k-means is then performed to assign mask pixels to these centers, and
each cluster prototype is computed as the mean of the spatial features of pixels in that
cluster. Formally, the prototype set for frame x; is defined as:

P, ={Pi|1<i<k}=F,(F° R, 8)

where F, () denotes the prototype extraction operator that takes high-resolution frame

features F, °/ and the mask context R{ as input. The prototypes P, are concatenated

and appended to a memory bank for use as object priors in subsequent frames, enabling
temporally consistent prototype guidance.

3.3 Theoretical Analysis of Residual Dispersion

Deep networks often exhibit overconfidence on unlabeled data, making maximum con-
fidence alone unreliable for pseudo-label selection. Following the entropy-minimization
principle, we theoretically show that reliable predictions should exhibit both high max-
imum confidence and sufficient residual dispersion.
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Let p, € R denote the predicted class-probability vector for pixel # in an unla-
beled image x|, and let p,, (k*) = maxy p, (k) denote the maximum confidence. Under
entropy minimization, the ideal prediction is an approximately unimodal distribution
g = [G1,---.4c] with ggx = 1 = (C — 1)e and Ggzxx = &, where € — 0. Using
cross-entropy decomposition, we have

CE(pn,4) = =i~ log pu(k*) = & " 1og pu (k). ©)
k#k*

For non-maximum probabilities p, (k) (k # k*), decompose them as p,(k) =

[+ Ay, where i = % and ).+ Ax = 0. A second-order Taylor expansion of
log p,, (k) around j yields:

Ay A2
log pa(k) =logfi+ — - =%+ 0(A}), & # k*. (10)
A 2p

Substituting this expansion into the cross-entropy and simplifying gives:

CE(pn,§) = —log p,(k*) P (ot ) S (11)
Pro @)= =08 P 21— palk)? ™
where the residual dispersion v,, is defined as: v, = —ﬁ D kk* Ai. As shown in

Eq. (11), reliable predictions require both a large p,,(k*) and a large v,,. In particular, as
pn(k*) — 1, the coefficient of v,, grows rapidly, making v,, a key indicator for identifying
reliable predictions under overconfident regimes.

3.4 Spectral Convex Optimization Separation

Sec. 3.3 demonstrates that prediction reliability depends nonlinearly on both p,, (k*) and
v,. However, threshold-based methods fail to model this nonlinear complementarity. To
address this, we formulate pseudo-label selection as a convex optimization problem via
spectral relaxation. For each pixel, we construct an attribute vector 4, = [p, (k*), v,]T
that captures both confidence and dispersion. Our goal is to select predictions with high
reliability by maximizing their spectral separability:

max Tr(STOT®S), s.t.Se{0,1}HV*2, (12)
where @ = [hy, hy, ..., hgw] is the feature matrix of x}, and Tr(-) denotes the trace
operator. To relax the non-convex combinatorial constraint on S, we apply spectral

relaxation [25]. According to the Ky Fan theorem [31], the optimal relaxed solution is
approximated as:

S>’< :A( i s )7 13
ne arg max, lui(n)], ¢ (13)

where u1, u; are the eigenvectors of ®T®, and A(-, -) denotes the Kronecker delta.
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Without loss of generality, let ¢ = 2 denote the subset of predictions with high
confidence and dispersion. We define the projection Z = ®S? , as the reliable component.
A Gaussian weighting function is then applied to construct smooth loss weights:

wn = [ Jexp( - Lt pe)’y, (14)

c ao;

where u. and o, are the mean and variance of the reliable subset Z, and @ = 4 is a
smoothing factor. Predictions with both high confidence and dispersion are assigned a
weight of 1. Thus, the unsupervised indicator map M, for image x}' is defined as:

M) = {1, if (hp(c) — pe) > 0, Ye € {1,2}, s

w,, otherwise.

3.5 Contextual Consistency Perturbation

While semi-supervised training significantly benefits from high-quality pseudo-labels,
consistently overlooking regions with low prediction confidence can restrict the model’s
ability to learn robust features, potentially entrenching it in simplistic decision bound-
aries. To counter this limitation and enhance the model’s capacity to resolve ambiguous
areas, we introduce CCP. The CCP strategically masks high-confidence predictions,
compelling the model to infer missing information from the surrounding, more challeng-
ing, and less reliable regions. This process implicitly strengthens the mutual information
between these difficult areas and their corresponding pseudo-labels.

The transition from the soft weights w, in Eq. (15) to the binary indicator M; = 1 in
Eq. (16) serves distinct functional roles in the training objective. At the loss optimization
level in Eq. (19), the soft weights w,, are preserved to smoothly scale the gradients for
uncertain predictions, thereby preventing noise accumulation. Conversely, at the input
augmentation level, CCP applies perturbations directly to the spatial pixels. Applying
continuous soft masks to input frames would alter the natural image statistics and
introduce artificial boundary textures, which could interfere with the convolutional
receptive fields. Therefore, the strict binary condition ensures that the structural integrity
of the unmasked regions remains realistic, while forcing the model to infer the entirely
masked areas based on surrounding context. Utilizing the reliable pixel indicator M;,
where M, = 1 denotes reliable predictions, we define a patch-based perturbation mask
R; € {0,1}7*W generated as follows:

Ri(x,y) =1(M; (x,3) = 1) - 1(U([]. [$]) 2 0), (16)

where s denotes the side length of the square patch, 8 € [0, 1] is the masking rate
controlling the sparsity of the perturbation, and U(-,-) represents a uniform random
variable sampled from [0, 1] for each patch. This formulation ensures that only regions
identified as reliable by M, are candidates for masking, and then a random subset of
these reliable patches is selected based on 6.

The perturbed image %' is obtained by applying R, to the input image x;':

B =x"OR, (17)
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Table 1: Quantitative comparison with different SOTA methods on SUN-SEG test sets. The
fractions denote the percentage of labeled data used for training and the best results are highlighted
in bold.

1/16 1/8 1/4 172
Model Backbone  Task Easy ‘ Hard Easy ‘ Hard Easy ‘ Hard Easy ‘ Hard
So Dice S, Dice S, Dice S, Dice S, Dice S, Dice S, Dice S, Dice

Corrmatch |Res2Net-50| NIS [80.92 71.25|79.85 69.9880.85 72.68|80.82 72.45(83.95 75.58|84.52 76.02|85.27 77.98|84.95 77.42
ACL-Net |Res2Net-50| IPS |81.69 73.43(81.38 71.76|83.21 75.13|81.53 73.21|84.93 76.41|86.04 77.32(85.83 78.61|86.08 78.93
PedSemiSeg|Res2Net-50| IPS [81.42 71.79|80.73 70.84|81.57 73.23|81.93 73.74|84.41 76.02|85.24 76.74|86.92 78.64|85.63 78.35
IFR Res2Net-50|NVS|81.05 71.38|80.12 70.25|81.23 72.95|81.05 72.68|84.07 75.42|84.73 76.23|85.41 78.12|85.18 77.65
TDC Res2Net-50|NVS|81.39 71.72|80.51 70.64|81.48 73.20|81.29 72.92|84.32 75.81|85.09 76.59|85.68 78.46(85.43 77.90
TCCNet |Res2Net-50| VPS |80.63 74.18|79.87 73.42|82.95 77.17|81.43 76.62|84.15 78.85|84.78 79.02|85.37 80.25|85.64 80.83
SSTAN  |Res2Net-50| VPS |81.93 75.27(81.37 74.51|84.15 78.22|82.89 77.70|85.63 79.96|86.18 80.14(86.91 81.35|87.16 81.96
PSDNet | PVTv2-b2 | VPS|87.09 83.07|86.76 81.29|88.01 83.89|87.52 82.54|88.39 84.98|87.64 83.36(89.17 85.71|88.10 83.77

Ours ‘ResZNet—SO‘VPS ‘8752 8348‘87.17 8166‘88‘48 84.34‘8&05 8298‘8890 85455‘8&13 8394‘89.62 8620‘8&62 84.28

Ours PVTv2-b2 | VPS |89.37 85.91/88.59 83.76|89.83 86.74|89.04 84.62|90.15 87.32|89.31 85.44/90.56 87.82/89.51 86.09

where © denotes element-wise multiplication. A potential concern with masking highly
confident regions is that the network might struggle to reconstruct the missing semantics,
leading to unconstrained predictions. To address this, CCP is designed to leverage two
existing priors: the explicit temporal context preserved in the PAR’s memory bank
(F/me™), and the implicit spatial correlations from the unmasked surrounding mucosa.
By forcing the model to infer the masked reliable regions, the network must propagate
these valid spatiotemporal priors into the neighboring ambiguous areas. This explicitly
penalizes under-fitting in difficult regions and bridges the semantic gap between reliable
and unreliable pixels, improving its ability to handle challenging polyp segmentation
cases. The unsupervised loss for the masked inputs is formulated as:

By
m 1 au ~u
L= B—U;M,OCE(y,, F(F4)). (18)

The final unsupervised loss term combines both the standard and masked losses:
Ly = ﬂng + /12LZ1, (19)

where 11, A, are loss weights (set to [0.5,0.5] by default).

4 Experiments

4.1 Experiments Setup

Datasets. We conduct experiments on SUN-SEG [17], the largest video polyp segmen-
tation dataset. Specifically, the SUN-SEG dataset comprises 100 positive cases with a
total of 49,136 polyp frames. Among them, 40% of the data are used to construct the
SUN-SEG-Train set, which contains 112 sequences (19,544 frames). The remaining data
are divided into two test subsets according to difficulty levels: SUN-SEG-Easy, includ-
ing 119 sequences (17,070 frames), and SUN-SEG-Hard, consisting of 54 sequences
(12,522 frames). Each subset is further split into “seen” and “unseen” partitions, where
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Fig. 4: Visual comparison with SOTA methods on SUN-SEG test sets. Red, green, and yellow
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Table 2: Ablation study with performance—
efficiency comparison on the SUN-SEG-Hard
set under a 1/2 labeled-data partition.

83

Dice (%)
N =3
@ =

L L

Method Dice GFlops Param. (M)
(%) 1
77 + #1/4
Baseline  80.21 92.82 41.38 ~in
w/PAR 8236  107.29 (+14.47) 4243 (+1.05) ° 1 2 4 s 12
w/oPAR 8324 9490 (+2.08)  41.38 (+0) Smoothing parameter a
w/ All 84.28 109.37 (+16.55) 42.43 (+1.05) Fig.5: Ablation study of smoothing parameter

.

“unseen” samples contain scenes absent from training, enabling more rigorous general-
ization evaluation. In addition, CVC-ClinicDB is a simpler polyp dataset with a lower
resolution of 288 x 384, including 612 frames from 29 video sequences.

Evaluation Metrics. For comprehensive comparison, we employ two metrics to evaluate
the segmentation results, including Dice, and structure-measure (S,) [10], following
previous studies [15, 17]. These metrics provide a balanced evaluation of pixel-level
accuracy and structural integrity.

Implementation Details. To ensure comprehensive evaluation, we adopt two represen-
tative backbones: Res2Net-50 [12] and PVTv2-b2 [36]. All ablation studies and most
comparisons are conducted with Res2Net-50 to maintain consistency with prior video
polyp segmentation works. PVTv2-b2 is used exclusively in the comparison table to en-
able direct evaluation against the state-of-the-art method PSDNet [14]. DeepLabv3+ [6]
is consistently employed as the decoder for both backbones. All training is performed
on a single NVIDIA RTX 3090 GPU. We optimize with SGD using a batch size of §,
weight decay 1 x 1074, and an initial learning rate of 1 x 10~3. During training, inputs are
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Table 3: Impact of different loss weights on  Table 4: Zero-shot cross-dataset generalization
the SUN-SEG-Hard dataset. The best results  on CVC-ClinicDB. Models are trained on the

are highlighted in bold. SUN-SEG dataset (1/2 labeled partition).
Loss Weights Metrics (Dice) Model Sa Dice
Corrmatch 90.45 87.62

A A 1/16 12
: 2 ! ! ACL-Net 88.67 86.12
0.50 0.50 81.66 84.28 PedSemiSeg 88.75 86.05
IFR 88.84 85.95
0.75 0.25 80.73 83.13 TDC 90.13 8745
0.25 0.75 80.61 82.81 TCCNet 90.72 88.06
0.30 0.30 81.36 83.92 SSTAN 90.58 87.82
0.70 0.70 80.92 83.47 PSDNet 91.84 89.67
1.00 1.00 80.15 82.31 Ours 94.12 91.53

randomly cropped to 352 X 352 and the network is trained for 60 epochs. To accelerate
decoder adaptation, the decoder’s learning rate is set to be ten times higher than that of
the backbone. To achieve an annotation ratio of 1/x, our design utilizes x-frame video
sequences where the label information is provided solely for the initial frame.

4.2 Comparison with State-of-the-art Methods

To comprehensively evaluate the strengths of our proposed method, we conduct a com-
parative analysis against eight SOTA approaches on the SUN-SEG. These competing
methods are categorized into four groups: (1) Natural Image Segmentation (NIS): Cor-
rmatch [29]; (2) Image Polyp Segmentation (IPS), including ACL-Net [39] and Ped-
SemiSeg [33]; (3) Natural Video Segmentation (NVS), including IFR [53] and TDC
[54]; and (4) Video Polyp Segmentation (VPS), which includes TCCNet [21], SSTAN
[50], and PSDNet [14]. To ensure a fair comparison, all controllable training parameters
were set to identical values across all methods.

Comparison with SOTA Methods. Table 1 presents a comprehensive comparison of
our method with SOTA approaches on the SUN-SEG dataset under the semi-supervised
setting. Under identical experimental protocols, our method achieves consistently supe-
rior performance across different metrics and label ratios, including 1/16, 1/8, 1/4, and
1/2. Notably, the advantage remains clear even under the most annotation-scarce setting,
demonstrating that SCDL can effectively exploit unlabeled video frames and maintain
strong segmentation performance with limited supervision.

Visual Comparison with SOTA. In Figure 4, we present qualitative comparisons with
SOTA methods under three challenging scenarios: (1) similar foreground and back-
ground, (2) low-quality frames, and (3) large size variations. Compared with existing
methods, SCDL produces more complete masks in low-contrast regions, maintains more
coherent predictions on degraded frames, and better preserves object contours across
different polyp sizes. These results indicate that SCDL is more robust to appearance
ambiguity, frame quality degradation, and scale variation, further confirming its effec-
tiveness in challenging video polyp segmentation scenarios.



Table 5: Ablation study of different compo-
nents on the SUN-SEG-Hard dataset.

Baseline PAR 5COS ccp /10, 12 WS = =
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N4 79.83 82.36 Fig.6: Visualization of module ablation on the
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81.66 84.28 (¢) w/o CCP. (d) w/o PAR. (e) w/ all.

Table 6: Impact of k-means distance metric -H
and prototype count on PAR on the SUN-SEG- --.--
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IOF. (c) w/o OPG. (d) w/ all.

4.3 Ablation Studies

Ablation Studies for Different Modules. Our ablation study (Table 5, Figure 6) veri-
fies the effectiveness of our design. As illustrated in Figure 6, the baseline often suffers
from severe background noise and incomplete target segmentation. By introducing PAR,
the model achieves better target localization. The addition of SCOS and CCP further
eliminates false positives in low-contrast regions and sharpens the polyp boundaries,
demonstrating the synergy of improved pseudo-label reliability, bias correction, and low-
contrast feature refinement. Furthermore, the t-SNE visualization in Figure 8 confirms
that our approach yields more compact and discriminative feature clusters compared to
versions without individual modules. Finally, Table 8 and Figure 7 demonstrate posi-
tive contributions from each PAR component. The IOF module improves single-frame
features by mitigating low-contrast ambiguity. Subsequently, EOF boosts performance
by integrating temporal context into the current-frame features. The complete OPG
module provides the most stable and precise segmentation by leveraging discriminative
historical prototypes, effectively resolving temporal inconsistency.

Impact of CCP. Table 7 shows that credible masking achieves the best performance
when 6 = 0.5 and the patch size is set to s = 32. In contrast, increasing the patch size
to s = 64 leads to a clear drop in Dice score, likely because overly large patches remove
excessive local context and disrupt fine-grained boundary cues. This suggests that a
moderate masking scale is important for preserving useful contextual information while
still encouraging the model to learn from ambiguous regions.

Effect of hyperparameters. Table 6 presents ablation results on SUN-SEG-Hard with
a 1/2 labeled partition, evaluating the k-means design in our OPG module. Using cosine
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Table 7: Ablation study with different param-
eters of CCP on the SUN-SEG-Hard dataset
under a 1/2 labeled-data partition.

Table 8: Ablation study of PAR on the SUN-
SEG-Hard dataset under a 1/2 labeled-data par-
tition.

Patch Size s 8 16 32 64 IOF EOF OPG DicelT SoT
6=0.3 82.73 82.55 82.41 81.55 83.24 87.29
60=0.5 82.84 83.23 84.28 83.59 N4 83.64 87.73
0=0.7 82.25 83.17 83.92 82.86 v v 83.92 88.10
6=0.9 81.52 81.64 81.63 81.45 v v v 84.28 88.62

™ &

o @
Ours w‘/o‘SCOS w}o CCP w0 PAR (a) (c)

Fig. 8: T-SNE visualization of different mod-
ule. Purple represents the background, and red
represents polyps.

Fig.9: Failure cases. Red, green and yellow
represent the GT, prediction and their overlap-
ping regions, respectively.

distance consistently outperforms Euclidean distance, suggesting that angular similarity
is more effective for grouping polyp features. The number of prototypes also affects
performance: too few (k = 3) or too many (k = 7) degrade results, while k = 5 achieves
the best balance between capturing structural details and maintaining discriminability.
Figure 5 shows that an excessively large smoothing factor a leads to a decline in
performance, as it overemphasizes unreliable predictions. Accordingly, we set @ = 4 as
the default value to achieve optimal overall performance.

Different loss weights. In Table 3, we investigate the impact of different loss weightings
on segmentation accuracy. The imbalance between consistency loss and masking loss
affects model performance. Moreover, assigning excessively high or low loss weights to
the unlabeled data also leads to a degradation in performance. The results indicate that
the optimal performance is achieved when [1;, A;] are set to [0.5, 0.5].

Complexity Analysis. For clinical deployment, inference latency is a critical consid-
eration. As shown in Table 2, the SCOS and CCP modules act only as training-time
supervision mechanisms and are discarded during inference, introducing no additional
cost to the final model. Although the PAR module brings a structural overhead of +14.47
GFLOPs, this increase is relatively modest compared with the overall complexity of the
baseline. These results indicate that SCDL improves segmentation performance while
maintaining practical inference efficiency.

Cross-dataset Generalization. To evaluate whether the learned features generalize
beyond the specific data distribution of the training set, we conduct a zero-shot cross-
dataset evaluation. Specifically, models trained solely on the SUN-SEG dataset are
directly evaluated on the unseen CVC-ClinicDB [1] without any further fine-tuning. As
reported in Table 4, SCDL maintains consistent relative improvements under this zero-
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shot setting, indicating that the framework effectively captures robust, domain-agnostic
polyp characteristics rather than overfitting to the training domain.

4.4 Discussions and Limitations.

According to the above ablation studies and comparisons, our proposed SCDL frame-
work exhibits a strong ability to resolve low-contrast ambiguity and generate reliable
pseudo-labels for semi-supervised video polyp segmentation. The PAR module ef-
fectively refines polyp features by modeling prototype-guided spatiotemporal depen-
dency and incorporating historical prototypes for temporal consistency, while the SCOS
and CCP components further enhance segmentation accuracy through reliability-aware
pseudo-label selection and contextual consistency perturbation. However, our method
still has certain limitations. As illustrated in Figure 9, factors such as blurred fields
of view affected by specular highlights (a), extremely small and low-contrast polyps
(b), and extreme shape variations (c) may still challenge the method and warrant fur-
ther investigation. Specifically, for exceptionally small targets under low contrast, the
spatial resolution loss introduced by standard pooling layers can lead to severe feature
entanglement with the surrounding mucosa, making temporal propagation difficult.

5 Conclusion

In conclusion, this paper introduces the SCDL framework, a unified SSVPS approach
designed to overcome core challenges such as unreliable pseudo-labels, regional super-
vision bias, and low-contrast feature ambiguities in endoscopic videos. SCDL integrates
three key innovative components: Spectral Convex Optimization Separation (SCOS) for
robust pseudo-label selection using convex optimization; Contextual Consistency Pertur-
bation (CCP) to reduce regional supervision bias by enforcing semantic reconstruction
from unreliable areas; and a Prototype-guided Adaptive Refinement (PAR) module to
sharpen feature discrimination and strengthen temporal coherence using discriminative
prototypes. Extensive experiments confirm that SCDL not only achieves state-of-the-art
performance on the SUN-SEG dataset but also exhibits zero-shot generalization on the
unseen CVC-ClinicDB dataset.
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