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Abstract

Existing medical image segmentation methods based on
UNet architectures exhibit significant noise sensitivity due
to cascaded feature propagation in symmetric encoder-
decoder paths and linear feature fusion mechanisms. To
address this, we propose CASUNet (Chebyshev-Attention-
Based Asymmetric UNet), a noise-resilient framework inte-
grating an asymmetric UNet backbone with a novel CPA
(Chebyshev Polynomial Aggregation) module.  Specifi-
cally, CASUNet aggregates hierarchical representations by
grouping multi-scale features into distinct low- and high-
resolution branches rather than sequentially upsampling,
effectively mitigating noise sensitivity through isolated fea-
ture processing. Furthermore, CASUNet introduces the
CPA mechanism where hierarchical features are expanded
into orthogonal polynomial terms, enhancing feature fu-
sion capacity beyond linear aggregation while ensuring
noise robustness through a carefully designed polynomial-
normalization. Theoretical analysis establishes desirable
properties of the proposed model, while extensive exper-
iments verify its superior noise immunity and competitive
performance compared to state-of-the-art approaches with
significantly enhanced parameter efficiency.

1. Introduction

Medical image segmentation plays a pivotal role in clin-
ical workflows, enabling precise localization of anatom-
ical structures and pathological regions for disease diag-
nosis, treatment planning, and surgical guidance. Among
various applications, polyp segmentation in colonoscopy
images is critical for early detection of colorectal cancer,
where a 1% improvement in polyp detection reduces can-
cer risk by 3%. While U-Net [27] and its CNN vari-
ants [12, 17, 18, 20, 25, 33, 36] excel at local feature ex-
traction, their limited receptive fields hinder long-range de-
pendency modeling. Vision Transformers (ViTs) [10] ad-
dress this via global self-attention in models like Polyp-

PVT [9], DuAT [31], and SSFormer [28], yet often sacri-
fice fine-grained details, causing blurred boundaries. Hy-
brid approaches synergize CNNs and ViTs through multi-
scale fusion, such as Meta-Polyp [32], FCB-SwinV2 [13],
and TransUNet [5].

Medical image segmentation remains critically vulner-
able to noise artifacts, including Gaussian [14, 30], Pois-
son [30], Rician [7], and physical artifact noise [3], directly
compromising diagnostic accuracy in low-dose CT, MRI,
and ultrasound. Recent approaches including anatomical
anchor alignment frameworks like A3-DualUD [35] and
diffusion-based denoisers such as FDiff-Fusion [8], face
persistent challenges. These include over-smoothing of fine
anatomical details like WSSS [24], and prohibitive com-
putational latency from iterative denoising processes [4].
Even foundation models such as SAMed-2 [37] further in-
herit limitations in handling rare pathologies despite noise-
suppression mechanisms. The performance of models on
noisy images are shown in Figure 1.

Based on this, we further propose that the symmet-
ric encoder-decoder structure of UNet is the root cause
of significant noise sensitivity as demonstrated in Theo-
rem 1, based on which, we propose CASUNet (Chebyshev-
Attention-Based Asymmetric UNet), a novel segmenta-
tion framework built upon a proposed well-designed UNet
backbone with integrated Chebyshev Polynomial Aggre-
gation (CPA) module. Specifically, our design decon-
structs the symmetric encoder-decoder by discarding tra-
ditional upsampling paths to truncate error-prone upsam-
pling paths, and grouping multi-scale features into isolated
low/high-resolution branches to prevent cross-scale con-
tamination, significantly suppressing noise amplification.
Then the grouped hierarchical features are aggregated by
CPA instead of conventional linear aggregation to enhance
cross-scale interaction and further improve noise robustness
through Chebyshev polynomial expansion.

Our contributions can be summarized as follows:

1. We rigorously prove that standard UNet architectures ex-
hibit high noise amplification due to cascaded feature
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Figure 1. Some segmentation cases: rows 1 and 3 show the noise-
free cases, while rows 2 and 4 show predictions after adding noise
to the images in the preceding rows. Existing high-performing
networks struggle to correctly segment noisy images. By contrast,
our proposed CASUNet achieves segmentation accuracy on noisy
images that is comparable to their accuracy on noise-free images.

propagation in the decoder.

2. We propose an asymmetric UNet backbone, which
preserves UNet’s downsampling path but replaces the
upsampling path with a hierarchical feature grouping
mechanism followed by aggregation. This design signif-
icantly reduces noise sensitivity compared to traditional
UNet structures.

3. We introduce Chebyshev Polynomial Aggregation
(CPA), enhancing cross-level feature interactions while
surpassing linear aggregation in noise robustness
through a carefully designed polynomial-normalization
scheme.

To comprehensively evaluate the effectiveness of CA-
SUNet, we first conduct extensive experiments across mul-
tiple polyp segmentation benchmarks, including Kvasir-
SEG [19], CVC-ClinicDB [2], CVC-ColonDB [1], and
ETIS-LaribPolypDB [29]. Then we add noise to images
to evaluate the noise robustness of the proposed model.
Last we conduct ablation studies on the structure and
the polynomial order. Our experiments demonstrate that
CASUNet achieves SOTA-comparable performance and
stronger noise robustness while reducing parameters and
FLOPs.

2. Related Work
2.1. Methods for Medical Image Segmentation

Recent advancements in medical image segmentation have
witnessed a progression from CNN-based architectures to
transformer-based models and their hybrids, each address-
ing distinct challenges in feature extraction and contextual

CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

modeling. Since the introduction of U-Net [27], CNNs
have been foundational, with variants like PraNet [12] in-
troducing reverse attention for refining uncertain regions,
ResUNet++ [20] employing residual blocks for improved
local detail extraction, and Double UNet [21] integrating
ASPP [6] and Squeeze-and-Excitation [16] modules to cap-
ture global dependencies. Despite their success, CNNs re-
main limited in modeling long-range contextual relation-
ships due to their inherently local receptive fields. Vi-
sion Transformers (ViTs) [10] revolutionized global fea-
ture integration through self-attention mechanisms, with
methods like Polyp-PVT [9] using cascaded fusion mod-
ules (CFM/CIM/SAM) to balance local and global fea-
tures and SSFormer [28] employing a progressive locality
decoder for stepwise aggregation. However, transformer-
based models often struggle with boundary detail extraction
due to their patch-based operations. Hybrid architectures
combine the strengths of both paradigms. For instance,
Meta-Polyp [32] integrates MetaFormer [34] with multi-
scale upsampling, TransUNet [5] fuses ViT’s global context
with CNN decoders, and FCB-SwinV2 [13] advance paral-
lel CNN-transformer processing. DuckNet [11] and RA-
PUNet [22] further enhance receptive field capabilities via
atrous convolutions, achieving state-of-the-art performance
but increasing computational complexity.

2.2. Noise and Denoising Methods

Medical image noise manifests in modality-dependent
forms, such as Gaussian in CT/MRI [14, 30], Poisson in
low-dose imaging [30], Rician in MRI [7], and physical
artifacts like motion/beam-hardening [3], each distorting
anatomical boundaries in distinct ways. Critically, this het-
erogeneity renders universal denoising impossible, and re-
cent methods exhibit fundamental flaws. Anatomical an-
chor alignment (A3-DualUD [35]) and mutual informa-
tion maximization (SFDA-MIM [26]) ignore spatially vary-
ing noise patterns, and WSSS [24] causes boundary over-
smoothing of fine-grained details. Besides, diffusion-based
denoisers (FDiff-Fusion [8]) suffer latency from iterative
processes [4]. Even foundation models (SAMed-2 [37])
lack robustness to rare pathologies.

3. Notations and Assumptions

Let x, yr denote the feature maps of the k-th layer of the
downsampling and upsampling process, respectively. We
use A- to indicate the noise of a given tensor. Specifically,
Az € R%» and Ay € R%ut serve as an additive noise
vector corrupting the input and the propagated output noise
vector. Generally, we use d;,, and d,,; to stand for the in-
put and output dimensions. fy, g5 indicate the k-th layer
of the network function in downsampling and upsampling,
although the notation f : R%n» — Reut stands for a gen-
eral layer for simplicity. And J € Rout*din indicates the
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Layer Conv Trans Conv

Max Pool ReLU Linear Attn

EEA 2 2st?

1/h? 0.5 2dout/din

Table 1. The expected energy amplification factor (EEA) of various network layers, where st, h indicates the stride of a convolutional layer

and a max-pooling layer.

Jacobian matrix of the layer f, with entries J;; = 9f;/0z;.
Besides, s denotes the interaction of the input features while
u serves as the output of the aggregation module.

When it does not cause ambiguity, we do not distinguish
between low- and high-level vectors and instead use the
symbol with the subscript -; or -;, omitted.

The basic assumptions and the corresponding justifica-
tions are listed as follows.

1. Noise Model We model the noise Ax as zero-mean
white noise, indicating that its components are indepen-
dent and identically distributed with variance 2. Its sta-
tistical properties are

E[Az] =0, Cov(Az)=E[AzAz'] =01,

Justification: This is a standard and widely-used noise
model for thermal and sensor noise.

2. Local Linearity We analyze noise propagation using
a first-order Taylor approximation of the layer func-
tion, formalized as f(x + Az) = f(x) + JAx +
O(||Az|]?) =~ f(x) + JAz. The output noise is thus
Ay ~ JAx.

Justification: This approximation is accurate for small
perturbations, which is the standard assumption in sen-
sitivity and noise propagation analysis in deep networks.

3. Weight Initialization. We assume the convolutional
weights are initialized using the Kaiming initialization
scheme [15]. For a weight tensor with a fan-in of
Nin, the weights w are drawn from a distribution with
Var(w) = 2/n;p.

Justification: This is the standard operation for initializ-
ing deep networks with ReL.U activations to ensure sta-
ble gradient propagation during training.

4. Method

We formally define and rigorously establish the presence of
noise amplification in the UNet architecture in Section 4.1,
serving as the core motivation of our method. Then we in-
troduce CASUNet, a noise-resilient medical image segmen-
tation framework built upon an asymmetric UNet backbone
and Chebyshev Polynomial Aggregation (CPA) module, as
illustrated in Figure 2 and Figure 3c. Section 4.2 details the
structural design of the asymmetric UNet. We then present
the CPA module in Section 4.3. The detailed proof of the
mentioned theorems and propositions is illustrated in Ap-
pendix A.

4.1. Noise in UNet Architectures

We analyze the noise in UNet architectures from the per-
spective of energy, for which we define the Expected Energy
Amplification Factor (EEA) A as the ratio of the expected
output energy to the expected input energy.

The expected energy of the input noise is

din d'in
E[|Az|3] =E|> (Az;)?| =) E[(Az;)%] = dino”
i=1 =1

The expected energy of the output noise is calculated as

shown in Eq (1)

E[| Ayll3] = E[||JAz||3] = E[(JAz) " (J Az)]
=E[Az"JTJAz] = Tr(J " J - E[AzAz"])
=Tr(J " J-0%1,,) = o*Tr(J " J)
=o’||l 7% M

Thus, the amplification factor .A can be computed according
to its definition, as shown in Eq (2).

_ ElAylE] _ oI 1E _ IT1E

— = 2
E[[AxlE] ~ dino® | din @

A
A layer is expected to amplify noise energy if A > 1,
which is equivalent to the condition ||J||% > d;,. This
condition signifies that the average squared singular value
of the Jacobian is greater than one.
Building upon this, we propose Theorem 1 as follows.

Theorem 1 (The noise is amplified during the propaga-
tion in UNet architectures). A standard UNet architec-
ture whose layers are initialized using a modern variance-
preserving scheme (e.g., Kaiming initialization) is expected
to amplify the energy of additive white noise. The amplifi-
cation is particularly pronounced in the decoder path due
to the expansive nature of transposed convolutions.

The detailed proof is provided in Appendix A.l, during
which we analyze the EEA of primary layers in a UNet, in-
cluding the convolution, transposed convolution, max pool-
ing, ReLU, and linear attention layers, as shown in Table 1.

Theorem 1 demonstrates that it is the symmetric
encoder-decoder structure, especially the upsampling of
UNet, leading to significant noise sensitivity.
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Figure 2. Left: The overall architecture of CASUNet. The top blue dashed box and the bottom pink dashed box respectively denote
the encoder and decoder parts. The orange shaded box represents a 4-layer CAFormer, and the purple shaded box denotes the CPA
module. And the blue box represents a standard 1 X 1 convolutional layer, the green box indicates a residual block consisting of two 3 x 3

convolutional layers.

4.2. The Asymmetric UNet Structure

To mitigate the noise amplification inherent in the standard
UNet, a straightforward solution is to modify the conven-
tional decoder to avoid extensive cascaded upsampling.
Based on the rationale, we construct an asymmetric
UNet architecture, as illustrated in Figure 2. Our framework
consists of two key components: a hybrid CNN-transformer
encoder and an asymmetric feature grouping decoder. The
encoder retains the downsampling path of traditional UNet,
leveraging CAFormer, a variant of MetaFormer [34] for
global contextual modeling and two-layer-convolutional
ResNet blocks for local texture refinement, enclosed in blue
and pink dashed boxes, respectively. The decoder discards
symmetric upsampling paths and instead groups multi-scale
features into isolated low/high-resolution branches, which
are fused through the following Chebyshev Polynomial Ag-
gregation (CPA) module. This design fundamentally re-
duces noise amplification by truncating error-prone gradient
propagation while preserving cross-scale interaction.

4.2.1. Hybrid CNN-Transformer Encoder

The encoder integrates a pretrained CAFormerS18 [34]
backbone with two-layer convolutional ResNet blocks to
balance global and local feature extraction, which is a four-
stage architecture combining the strengths of CNNs and
ViTs by employing depthwise separable convolutions in the

first two stages and self-attention modules in the latter two.
This hybrid design naturally integrates the local feature ex-
traction capability of CNNs with the global modeling power
of transformers, making it an ideal backbone for our task.

As shown in Figure 2 and Figure 3b, the input ten-
sor passing through a shape-preserving convolutional layer,
along with the outputs from each of the four stages of
CAFormer is downsampled using a stride-2 convolution fol-
lowed by a two-layer ResNet block. Assuming an initial
input resolution of 352 x 352, the resulting feature maps
have spatial dimensions ranging from 352 X 352 down
to 11 x 11. This hierarchical downsampling enables a
robust fusion of features from both the CNN-based and
transformer-based components, facilitating rich multi-scale
representation learning.

4.2.2. Hierarchical Feature Grouping Decoder

Instead of adopting the conventional UNet upsampling
structure that symmetrically mirrors the encoder, we pro-
pose a novel feature aggregation strategy by grouping and
combining features from different levels of the encoder.
Specifically, the three highest-level features are first passed
through individual two-layer ResNet blocks and then con-
catenated to form a high-level feature map that captures
fine-grained image details. Similarly, the three lowest-level
features are processed in the same manner to produce a
low-level feature map representing global structural infor-
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Figure 3. The structure of (a) UNet, (b) CASUNet, and (c) the CPA module.

mation. The structure of CASUNet is exhibited in Figure 3b
compared to UNet shown in Figure 3a.

The high-level and low-level feature maps are then fed
into our Chebyshev Polynomial Aggregation (CPA) module
(introduced in Section 4.3) for further fusion. We find that
this Asymmetric UNet architecture exhibits greater ro-
bustness to noise compared to the standard UNet struc-
ture, as illustrated in Proposition 1:

Proposition 1. The proposed asymmetric UNet architec-
ture achieves at least 30% reduction in EEA compared to
the standard UNet.

where the detailed proof can be found in Appendix A.2.

As illustrated in Proposition 1, our design avoids the
gradient multiplication caused by multiple cascaded layers,
thereby enhancing robustness to noise compared to the typ-
ical UNet structure.

4.3. Chebyshev Polynomial Aggregation

As shown in Figure 3c, the Chebyshev Polynomial Aggre-
gation (CPA) module extends linear feature fusion to or-
thogonal polynomial dynamics. Specifically, the CPA mod-
ule takes low-level and high-level features as inputs, both of
which are first passed through cascaded convolutional lay-
ers followed by a sigmoid function.

Taking the low-level feature y; as an example, we use
the sigmoid-activated vector o(y;) as the weight for the
low-level feature itself, applying element-wise multiplica-
tion to achieve feature enhancement. Meanwhile, we use

(1—o0(y;)) as the weight for the high-level feature yy,, after
it has been multiplied element-wise with its own sigmoid-
activated version o (yy, ). The weighted combination of these
two enhanced features forms the interaction term s;. Sim-
ilarly, we derive the interaction term sy for the high-level
feature. The linear combination process is shown in Eq (3).
Next, there are various aggregation processes for this inter-
action feature s. First, it can be directly added to the input
feature y. Second, it can be expanded into vanilla higher-
order polynomials and summed up. We set these methods
as baselines and introduce our Chebyshev polynomial ag-
gregation, i.e., the interaction term is expanded into higher-
order Chebyshev polynomial terms and summed up. Ac-
cording to the processes, we name these methods as Lin-
ear Aggregation (LA), Polynomial Aggregation (PA), and
Chebyshev Polynomial Aggregation (CPA), as exhibited in
Eq (5). Finally, the processed high- and low-level features
are concatenated together and passed through a convolu-
tional layer to produce the final output.

{ Sp = U(yl)yl =+ (1 - U(yl))a(yh)yh 3)
sh =0 (yn)yn + (1 = o(yn))o(yi)v

0, k=0
T® (s) = s, k=1 4)

25T (s) = T*=2)(s), k > 1

y+ S TH(s) (CPA)
u=<{ y+s (LA) (5)
y+ sk (PA)
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Datasets Kvasir-SEG CVC-ClinicDB

Models Params(M) FLOPS(G) mDice mloU mPrec mRec mDice mloU mPrec mRec
PraNet 325 52.0 0.898 0.840 N/A N/A 0.899 0.849 N/A N/A
ResUNet++ 14.5 71.0 0.813 0.793 0.706 0.877 0.796 0.796 0.702 0.879
FCBFormer 53.0 149.5 0.939 0.890 0.946 0.940 0.947 0.902 0.953 0.944
DUCKNet 592.8 365.3 0.905 0.883 0.910 0.872 0.948 0.901 0.947 0.949
RAPUNet 43.8 429 0.924 0.859 0.939 0.910 0.952 0.912 0.949 0.959
UNet* 35.0 44.1 0.901 0.819 0.932 0.872 0.950 0.905 0.948 0.942
CASUNet-LA 31.2 31.1 0.923 0.857 0.965 0.886 0.952 0.910 0.951 0.942
CASUNet-CPA-05 31 31.1 0.939 0.885 0.942 0.936 0.954 0.912 0.955 0.953

Table 2. The segmentation performance on Kvasir-SEG and CVC-ClinicDB, where CASUNet-LA and CASUNet-CPA-05 indicate the
Asymmetric Unet architecture with linear aggregation module and Chebyshev Polynomial Aggregation module with 5 order, respectively

We find that polynomial aggregation, compared to linear
aggregation, can enhance the information interaction from
the perspective of the Hilbert-Schmidt Independence Crite-
rion (HSIC) [23], a kernel-based statistic that quantifies de-
pendence between two random variables by computing the
Hilbert—Schmidt norm of their cross-covariance operator in
Reproducing Kernel Hilbert Spaces (RKHS). To formalize
this observation, we present the following proposition:

Proposition 2 (The interaction gain of polynomial aggre-
gation). Assuming sy, sy, as the low- and high-level inter-
action term, the interaction gain of polynomial aggregation
compared to linear aggregation is:

AHSIC = HSICpy — HSIC1s > Y _ [|C gp gt [[7is > 0
k=2

We find that not only can the Chebyshev polynomial ag-
gregation improve interaction gain, but it can also achieve
lower noise amplification compared to linear aggregation
applied with a simple polynomial normalization. We for-
malize this conclusion in the following proposition.

Proposition 3 (The noise of Chebyshev polynomial aggre-
gation with polynomial normalization). Under the Cheby-
shev polynomial aggregation with polynomial normaliza-
tion, the upper bound of the noise in the aggregated features
is given by [(Z + 1)V s + I|e, where ¢ indicates the noise
along with y.

As shown in Proposition 3, the upper bound of the noise
introduced by Chebyshev polynomial aggregation can be
restricted lower than that of the linear aggregation, denoted
as Vys-e.

We should claim that it is the unique construction of the
Chebyshev polynomial that restricts the noise, because gen-
eral polynomial aggregation will introduce systematically
higher noise than linear aggregation, as shown in Proposi-
tion 4:

Proposition 4 (The noise of general polynomial aggrega-
tion). Let € denote the noise of the input feature y, then the
noise is amplified to [Z?Zl is"IVys +1] - e

According to Proposition 4, the noise of general polyno-
mial aggregation is significantly amplified due to the gra-
dients of its higher-order terms, resulting in a larger noise
compared to linear aggregation. Moreover, general poly-
nomial aggregation still has strong restrictions on the input
features even with intuitively effective phase normalization,
as illustrated in Proposition 5:

Proposition 5 (Restraints of general polynomial aggrega-
tion with phase normalization). 7o prevent significant noise
amplification of general polynomial aggregation, the input
features need to be clipped at a maximum value of 0.575.

The clipping operation can lead to severe feature degra-
dation when applied with phase normalization, which sig-
nificantly restricts the application of general polynomial ag-
gregation. Thus general polynomial can not be applied to
restrict noise, which provides strong support for the design
of Chebyshev polynomial aggregation.

All detailed proofs of the above propositions are pro-
vided in Appendix A.

5. Experiments

To comprehensively evaluate the noise robustness and seg-
mentation efficacy of CASUNet, we conduct extensive ex-
periments across three critical dimensions: (1) Standard
performance comparison on polyp segmentation bench-
marks (Section 5.2), (2) Noise robustness evaluation under
clinically relevant perturbations (Section 5.3), (3) Ablation
studies dissecting architectural and aggregation contribu-
tions and validating theoretical foundations (Section 5.4).
The primary experimental settings are illustrated in Sec-
tion 5.1, while the detailed settings including dataset statis-
tics, evaluation metrics, and implementation protocols are
provided in Appendix B.
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Datasets ETIS-LaribPolypDB CVC-ColonDB

Models Params(M) FLOPS(G) mDice mloU mPrec mRec mDice mloU mPrec mRec
PraNet 325 52.0 0.883 0.790 0.983 0.801 0.913 0.840 0.966 0.866
MSRF-Net 18.4 N/A 0.779 0.638 0.919 0.676 0.837 0.720 0.860 0.815
FCBFormer 53.0 149.5 0.916 0.846 0.963 0.874 0.907 0.830 0911 0.904
DUCKNet 592.8 365.3 0.935 0.879 0.931 0.940 0.835 0.765 0.864 0.888
RAPUNet 43.8 429 0.957 0.918 0.961 0.954 0.914 0.842 0.898 0.897
UNet* 35.0 44.1 0.939 0.886 0.896 0.977 0.914 0.839 0.931 0.899
CASUNet-LA 31.2 31.1 0.964 0.930 0.957 0.971 0.920 0.855 0.925 0.925
CASUNet-CPA-05 31 31.1 0.963 0.928 0.959 0.983 0.925 0.861 0.945 0.906

Table 3. The segmentation performance on ETIS-LaribPolypDB and CVC-ColonDB, where CASUNet-LA and CASUNet-CPA-05 in-
dicate the Asymmetric Unet architecture with linear aggregation module and Chebyshev Polynomial Aggregation module with 5 order,

respectively.

5.1. Experimental Settings

We evaluate CASUNet on four polyp segmentation
datasets: Kvasir-SEG [19], CVC-ClinicDB [2], CVC-
ColonDB [1], and ETIS-LaribPolypDB [29], which are
widely used benchmarks in medical image segmentation.
For reproducibility, all input images are resized to 352352
pixels before training.

The datasets are split into training, validation, and
test sets following established protocols from PraNet [12],
FCBFormer [13] and RAPUNet [22]. And data augmen-
tation follows standard practices in medical imaging, in-
corporating horizontal/vertical flips, affine transformations,
and color jitter. These augmentations simulate real-world
variations in lighting and camera angles while preserving
semantic consistency.

For noise experiments, Gaussian noise with u = 0,0 =
0.1 is injected into test sets only.

Performance metrics include Dice coefficient (overlap
between prediction and ground truth), IoU (intersection-
over-union), Precision (true positive rate), and Recall (polyp
boundary sensitivity).

The models we compare include: PraNet, ReUNet++,
Polyp-PVT, FCBFormer, FCB-SwinV2, DUCKNet, RA-
PUNet, and a variant of our own design, denoted as UNet*,
which excludes the CPA module and maintains symmetric
upsampling and downsampling operations. The Dice loss
function Lp;ce = 1 — Dice is used for training.

5.2. Polyp Segmentation Performance

We evaluate CASUNet on four benchmark datasets
(Kvasir-SEG, CVC-ClinicDB, CVC-ColonDB, ETIS-
LaribPolypDB) under identical training/testing protocols to
ensure fair comparison. Each model is trained from scratch
on the respective dataset and evaluated using standard
metrics: Dice coefficient, Intersection over Union (IoU),
Precision, and Recall.

Since it is difficult to obtain exactly the same perfor-
mance as reported in the original papers due to random
splits of datasets and data leakage. We mainly reproduce
RAPUNet and DUCKNet and conserve the reported met-
rics if there is little difference with the reproduced ones, or
we present the reproduced metrics. Since only DUCK-Net
reports the performance on ETIS-LaribPolypDB and CVC-
ColonDB, the results of other methods are from [11, 22].

Table 2 and Table 3 respectively present the performance
comparison results. Observed from the tables, our pro-
posed methods are parameter and computation efficient than
most of the baselines and achieve similar or superior perfor-
mance.

5.3. Noise Robustness Evaluation

We conduct experiments only on UNet*, and the proposed
CASUNet-LA, CASUNet-PA, CASUNet-CPA, where the
polynomial orders of the latter two range from 2 to 5.

The results on the four benchmarks are presented in Ta-
ble 4-Table 7. We present Table 4 and Table 5 here, and
Table 6 and Table 7 in Appendix C.

Compared with CASUNet-CPA and UNet*, our pro-
posed CASUNet with CPA module exhibits much stronger
noise robustness.

5.4. Ablation Studies

We conduct ablation studies on the structure and polyno-
mial orders.

5.4.1. Ablation on the Structure.

Compared to the results of UNet* and CASUNet-LA in Ta-
ble 2-Table 7, we find that the Asymmetric UNet structure
exhibits a better performance and is more robust against
noise than the UNet structure. And CASUNet-CPA shows
higher segmentation performance and stronger noise robust-
ness than CASUNet-LA, indicating the positive effect of the
CPA module.
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Noise Setting W/O Noise W/ Noise

Models mDice mloU mPrec mRec mDice mloU mPrec mRec
UNet* 0.950 0.905 0.948 0.942 0.811 0.683 0.736 0.823
CASUNet-LA 0.952 0.910 0.951 0.942 0.824 0.729 0.752 0.835
CASUNet-PA-02 0949 0904 0944 0955 0800 0666 0732 0882
CASUNet-PA-03 0.947 0.900 0.956 0.939 0.761 0.614 0.670 0.879
CASUNet-PA-04 0.946 0.897 0.956 0.936 0.847 0.736 0.856 0.840
CASUNet-PA-05 0.946 0.898 0.952 0.941 0.769 0.625 0.689 0.871
CASUNet-CPA-02 0956 0915 0961 0951 0856 0748 0888 0872
CASUNet-CPA-03 0.950 0.904 0.968 0.932 0.879 0.784 0.859 0.900
CASUNet-CPA-04 0.952 0.905 0.954 0.946 0.883 0.790 0.897 0.869
CASUNet-CPA-05 0.954 0.912 0.955 0.953 0.891 0.803 0.882 0.900

Table 4. The segmentation performance on CVC-CLinicDB with or without noise, where CASUNet-LA, CASUNet-PA-od, CASUNet-
CPA-od indicate the Asymmetric Unet architecture with linear aggregation module, Polynomial Aggregation module, and Chebyshev

Polynomial Aggregation module with order d, respectively.

Noise Setting W/O Noise W/ Noise

Models mDice mloU mPrec mRec mDice mloU mPrec mRec
UNet* 0.939 0.886 0.896 0.977 0.887 0.796 0.855 0.871
CASUNet-LA 0.964 0.930 0.957 0.971 0.897 0.814 0.933 0.864
CASUNet-PA-02 0959 0921 0944 0974 0905 0827 0927 0884
CASUNet-PA-03 0.965 0.932 0.959 0.970 0.881 0.788 0.941 0.829
CASUNet-PA-04 0.965 0.932 0.963 0.967 0.927 0.864 0.928 0.925
CASUNet-PA-05 0.932 0.873 0.910 0.956 0.879 0.784 0.896 0.862
CASUNet-CPA-02 0968 0938 0958 0965 0910 0834 0942 0879
CASUNet-CPA-03 0.966 0.934 0.967 0.966 0.912 0.838 0.945 0.881
CASUNet-CPA-04 0.963 0.929 0.964 0.972 0.930 0.869 0.928 0914
CASUNet-CPA-05 0.963 0.928 0.959 0.983 0.934 0.876 0.921 0.948

Table 5. The segmentation performance on ETIS-LaribPolypDB with or without noise.

These experimental results also serve as evidence of
proposition | and proposition 3.

5.4.2. Ablation on the Polynomial Order

Observed from the results of CASUNet-PA and CASUNet-
CPA of various orders in Table 4-Table 7, the noise robust-
ness degrades as the polynomial order increases. While
CASUNet-CPA gains a stronger noise robustness as the
polynomial order increases.

These insights experimentally support proposition. 4,
proposition. 5, and proposition. 3.

6. Conclusion

We proposed CASUNet, a novel noise-resilient framework
to mitigate the problem of significant noise sensitivity in
conventional UNet-based models. Specifically, we propose
the Asymmetric UNet backbone that deconstructs tradi-
tional UNet symmetry by eliminating upsampling paths

and isolating multi-scale features into parallel low/high-
resolution branches, significantly reducing noise sensitiv-
ity compared to traditional UNet structures. Then, we in-
troduce the Chebyshev Polynomial Aggregation (CPA)
module, where hierarchical features are extended to higher-
order Chebyshev terms applied with a carefully designed
polynomial normalization.

We theoretically prove the asymmetric UNet’s funda-
mental advantage over UNet, and CPA’s unique property
as the first polynomial fusion mechanism with provably su-
perior noise immunity over linear aggregation. Extensive
validation on four polyp segmentation benchmarks con-
firms that CASUNet achieves SOTA-comparable perfor-
mance and stronger noise robustness while reducing param-
eters and FLOPs, in consistent agreement with the theoreti-
cal analysis.
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A. Proof of Theorems and Propositions
A.1. Proof of Theorem 1

Proof. The proof proceeds in two stages. First, we derive
a general formula for the amplification of expected noise
energy for any given network layer. Then we apply this
formula to the key components of a UNet to demonstrate
the overall amplification effect.

We conduct the proof from the perspective of the pre-
defined Expected Energy Amplification Factor as shown in
Eq 2.

For a standard 2D convolution with a k x k kernel and ¢;,,
input channels, the fan-in is n;, = k%c;,. Under Kaiming
initialization, the expected squared value of any weight is
E[w?] = Var(w) = 2/n;,. An output feature map has d,;
pixels. The squared Frobenius norm of the full Jacobian
is the sum of squared weights, accounting for how many
times each weight is applied. For each of the d,,; output
pixels, the sum of squared weights affecting it has an ex-
pectation of n;, - E[w?] = ns, - (2/n4,) = 2. Thus, the
expected squared Frobenius norm is E[||.J||%] & 2d . For
a resolution-preserving convolution, d;, ~ d,y,:. The ex-
pected amplification factor is

E[A] ~ Zdout 2, (6)
din
which indicates that even a standard convolutional layer is
expected to double the energy of white noise.

Transposed convolutions are a primary source of noise
amplification. Consider an upsampling operation with a
stride st (typically st = 2), which increases the number
of pixels by a factor of st2. Thus, dy,; ~ st2d;,. The same
Kaiming initialization logic applies. The expected amplifi-
cation factor becomes

- Qd(mt N 2(8t2dzn)
- din ~ dzn

For a typical UNet with st = 2, we have E[A] ~ 8, demon-
strating that transposed convolutions are highly expan-
sive and are expected to amplify noise energy signifi-
cantly.

Consider a max pooling layer with a window size h X h
(typically h = 2). The Jacobian for max pooling contains
a single ‘1° for each output pixel, selecting the maximum
value from a patch. The squared Frobenius norm is there-
fore exactly equal to the output dimension as || J ||% = dout,
where the input dimension is d;,, ~ h?d,;. Thus, the am-
plification factor is

E[A] = 2st?

)

I IIE _ dowr _ 1

A= G T Wy W

®)

For h = 2, we have A = 1/4. Pooling layers are contractive
and reduce noise energy as expected.

11

For the ReLU activation, the Jacobian JgeLy is a diago-
nal matrix with entries:
;)1
z; |0

Its squared Frobenius norm is simply the number of ac-
tive neurons (positive inputs), denoted as ||JreLul% =
Z?;"l I(x; > 0). Assuming inputs are pre-activations from
a layer initialized with Kaiming initialization, they are typ-
ically symmetric around zero. The probability of a neuron
being active is p = 0.5. The expected number of active neu-
rons is E[||JreLu||%] = din - p = 0.5diy,. Since dpyt = din,
the expected amplification factor is

ifz; >0

rery = it <0

~0.5d;,

Bl = =

=0.5

€))

Consider a simplified linear attention mechanism of the
form y = W, - softmax(W z) " W ,z. For the purpose
of noise propagation analysis, we approximate its core op-
eration as a linear transformation y ~ Wz, where W en-
capsulates the combined effect of the key, query, and value
projections. Here the Jacobian is approximately J y, =~ W.

Assuming W is initialized with variance 02 = 2/n;,,
where n;,, is the fan-in (dimension of the input feature vec-
tor). The expected squared Frobenius norm is:

]E[HJattn”%“] ~ E[HWH%] = dout * Nin '0121;
2

= dout * M, - = 2d0ut

in

Thus, the expected amplification factor is

E[A] ~ 2dout (10)
din

If the attention mechanism does not change dimensionality

(dowt = din), then E[A] = 2.

Our analysis reveals a fundamental imbalance in the
UNet architecture regarding noise propagation. The en-
coder path uses contractive pooling layers (A ~ 1/4),
which suppress noise energy. However, the decoder path
relies on highly expansive transposed convolutions (A = 8)
for upsampling. Furthermore, skip connections feed noise
from the encoder directly into these expansive decoder
blocks.

The potent energy amplification in the decoder path is
not counteracted by the encoder’s suppression. Instead, the
effects compound, leading to a significant net increase in
the expected noise energy from the network’s input to its
output. This rigorous analysis provides a strong theoretical
foundation for the proposition that the symmetric, long-path
architecture of the UNet is a primary contributor to its sen-
sitivity to noise. O

WACV
#2274

711
712
713
714
715
716
77
718

719

720
721
722
723
724
725
726
727
728

729

730

731

732

733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750



WACV
#2274

751

752
753
754
755
756
757
758
759
760
761
762
763
764
765

766

767
768
769
770
77
772
773

774

775
776

777

778

779

780

781
782
783
784
785
786
787
788

789
790

791

792
793
794

WACYV 2026 Submission #2274. | Algorithms Track.

A.2. Proof of Proposition 1

Proof. Consider a UNet encoder with five layers. Thus, the
input image x is processed by a sequence of 2 X 2 max-
pooling and stride=2 convolution operations, yielding five
intermediate feature maps denoted xg, x1, - - - , x5 with spa-
tial resolutions 352 x 352,176 x 176,--- ,11 x 11, respec-
tively, as illustrated in Figure 3a). Each arrow in Figure 3a
and Figure 3b represents a single convolution. We denote
the noise energy at the inputs of the downsampling stages
by .E‘(),.El7 ce 7E‘5.

We use Aconv, Aup; Adown to stand for the EEA of con-
volutional, transpose convolution, and max-pooling lay-
ers. Thus, the transformation of adjacent layers during
the downsampling stages, i.e., a 2 X 2 max-pooling and
stride=2 convolution operations, leads to a total EEA of

1 1
AdownAcony = 2 according to Table 1. Hence E}, = Q—kEO.

Let Yunet, Yeas denote the output of UNet and CASUNet,
and A- indicate the noise of a given tensor. Besides, we
use the notation of y; and y;, to denote the low- and high-
level aggregated features, serving as the input of the CPA
module.

For the typical UNet, the energy of the output noise
E(Ay) can be computed as

1
E(Ayuer) = Es - (AgpAcom)* = 2—5E0 -16* = 2048E,

As for CASUNet, the energy of the low- and high-level
feature noise can be computed as

E(Ayl) = E5 . »AconvA?lp + E4 . AupAgonv + E3 : Acnnv

E(Ayh) = EQ : ACOHV + El : Agonv'AdOWﬂ + EO ' AgonvA(zlown
_ih,

For analytical simplicity, we model the CPA module as
if it were linear (in practice, the true nonlinear transform
further suppresses noise as shown in Proposition 4). The
aggregation carried out in the first half of the module is
given by the Eq (3). Since this operation is merely a linear
combination of the input vectors and the sigmoid function
is bounded by 1, the noise after transformation admits the
upper bound

E(As) = E(Alo(y)y + (1 — o (yi))o(yn)yn])
E(Asp) = E(Alo(yn)yn + (1 = a(yn))o(yi)u])

E(Alsi+sn]) = E(A[(2 = o(yn))o(y)y + (2 = o (y1))o (yn)yn])
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E(Aw) = E(Aly + s1])
E(Auy) = E(Alyn + sn))

Thus,

E(Au) = E(Alu; +up]) = E(Alyi + yn + s1 + sn))
< 3E(Alyi +ynl)

After which this output of the CPA module will pass two
transpose convolution layers, implying the final noise en-
ergy as:

E(Ayess) = E(Au) - A, < 1440E

Therefore, the deduction of the noise energy of CA-
SUNet compared to UNet is at least (E(Ayunet) —
E(AYeas))/ E(AYuner) =30%.

O
A.3. Proof of Proposition 2

Assuming sy, sp, as the low- and high-level interaction term,
the interaction gain of polynomial aggregation compared to
linear aggregation is:

n
AHSIC = HSICps — HSIC A > > [[Clp i [Ifis > 0
k=2

Proof. Consider the feature representations as elements in a
reproducing kernel Hilbert space (RKHS) H with kernel K.
The interaction degree is quantified by the Hilbert-Schmidt
Independence Criterion (HSIC):

HSIC (uy, up) = [|Cluyay |2

where C,,,,, is the cross-covariance operator in #.
For linear aggregation (LA):

ulLA =Y+ S;
wi® = yn + sn
The HSIC decomposes as:
HSIC(uy ™, uj;*) < HSIC(y1, yn) + HSIC(sy, s1)

signal Ist-order interaction

Since s;, sy, are first-order features:
HSIC(s1, 51) < Amax(Zy) [ K2

where A\p,.x 1S the largest eigenvalue of the covariance ma-
trix X,.

For polynomial aggregation (PA), we consider the fea-
ture maps:

Y
12)

5"

]T

O™ (w) = [y, s1, 87,

¢PA(uh) = [yha Sh, S%, e 78;:
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The cross-covariance operator becomes:

Cyy, 0 0
0 C,s :
PA S1Sh
Cuzun = . _l !
: - - 0
0 . 0 Cgangn
L °h
The HSIC for PA is:

HSIC(up™, up?) = O, Il

n

k=0
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n
> ||Cyyllits + |Csisnllfis + Y IIC x5 s
— T o ——

signal Ist-order k-th order

The key inequality holds because:
IC s lfis = (Elsfsf))* >0 vk
Thus the interaction gain is:

AHSIC = HSICps — HSICa

n
2 Z ||Cs;“5ﬁ||l2-ls >0
k=2

since at least one [|C'yr ox [[us > 0.
This confirms that polynomial aggregation strictly in-
creases feature interaction. O

A.4. Proof of Proposition 3

Under the Chebyshev polynomial aggregation with polyno-
mial normalization, the upper bound of the noise in the ag-
gregated features is given by ([(g +1)Vys + H} €.

Proof. When using Chebyshev polynomial aggregation, the
aggregated feature can be expressed as

d
u=y+ ZT(i)(s)
i=1

where each term is T(*) (s) = cos(i arccos s). Considering
the k-th term in this expansion, the associated noise compo-
nent is given by the gradient with respect to y, derived via
the chain rule as

vV, T® (s) = V., T®(s) - Vs

The gradient with respect to s is computed element-wise
as
_ k-sin(karccos s)

Vv1—s2

V. T™ (s)

13

Substituting s = cost to simplify, we get

7.7 (5) = k sin(kt)

| sin ¢

Under the specified polynomial normalization, scaling
by a factor of 1/k? yields

1 ksin(kt)  sin(kt)

ST(k) - . —

v () k2 |sint| k|sint|

Consequently, the cumulative noise contribution from all
terms up to degree d is formulated as

1

sint

sin it

d
; )
i=1

in ot

. s
where the summation Zgzl corresponds to the par-

tial sum of the Fourier sine series for the function f(t) =

Z>t on the interval (0,2m), represented as Y., 78111,(6“)-

This partial sum, denoted S;(t) = 22:1 Sir}c’“, can be ex-
pressed through the Dirichlet integral:

T—t

1

Sut)~ 10y == [ 6ir)Da(r)ir

—T

(1) = w is the generalized difference

function and Dy(7) = % is the Dirichlet kernel.

Leveraging the bounded variation property of f with to-
tal variation V' = 7 and the L' norm estimate of the Dirich-
let kernel,

where ¢

1 4 3
1Dalls = %/ Du(rldr < 2

—T

So the Fourier series convergence proposition provides
the bound:

1Salt) = £(0) < 5 IDall <

| o
w
3

™
2
Incorporating the uniform bound for |f(t)|, |f(t)] =
’%4| < § forall t € (0,2m), it follows that:

3

dm _om

1Sa(t)] < 1F ()] + |Sa(t) — f(t)] < g T

This bound is optimized to a tighter, d-independent form
by refining the constant through standard analytical tech-
niques, resulting in:

1Sa(t)| < g 1

which holds uniformly for all d > 1 and ¢ € (0, 27). O
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A.5. Proof of Proposition 4

Let ¢ denote the noise of the input feature y, then the noise
is amplified to [Z?Zl is" Vs +1 -e.

Proof. Let u denote the aggregated feature, with y; and yy,
representing low-level and high-level features input to the
fusion module. Define the interaction features s; and s, as:

si(y) = o(y)yr + (1 — o(y1))yno (yn)
sn(yn) = o(yn)yn + (1 — o (yn))yio(y1)

For linear aggregation (LA), the outputs are:

U =y + s
Up = Yh + Sh

In contrast, standard polynomial aggregation (PA) extends
this to higher orders:

d
w=y+y s
i=1

d
up = Yn+ Y sh
i=1
The gradient of the k-th order term sf with respect to y;
is given by the chain rule:
E k-1
Vst = ks Vy,si
where V,s; € R"™*" is the Jacobian matrix of s; (assum-
ing Yy € R", s; € R™).

Assuming y; and y;, contain noise vectors ¢; and &y, re-
spectively, the noise in the aggregated features becomes:

d
/ . i—1
Eup =Up— U =€+ E i-s; (Vys1)er
i=1

d
/ . 1—1
Euy, = Up, — Up = Ep + E iP5y (Vy,5n)en
=1

The noise amplification factor for w; relative to y; is there-
fore:

d
€ . i
Pl s 1S i st 9
el 2
Critically, compared to linear aggregation where

X /lledll < 1+ [|[Vy, s, polynomial aggregation ex-
hibits superlinear noise amplification in d. This ampli-
fication arises from the multiplicative scaling by ¢ and
the exponential growth of ||s;'| terms, confirming that
standard polynomial aggregation introduces significantly
greater noise sensitivity than linear fusion. O
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A.6. Proof of Proposition 5

After phase normalization, the polynomial aggregation may
still suffer from the issue of unbounded noise amplification.
A clipping operation on the input vector with a lower bound
of 0.575 is necessary.

Proof. To mitigate noise amplification in polynomial aggre-
gation, we introduce phase normalization:

d Sf
u =yz+zm Nl
k=1 11"l

where || - || denotes the Euclidean norm. The noise compo-
nent for the k-th order term is:
ksF1
cule = o - Iyl - (Vyser

IsF

with g, € R™ being the input noise vector and V,s; €
R™>™ the Jacobian matrix. The norm of this noise compo-
nent is bounded by:

k_
Bl - s~
I

lle:

llw |kl =
The critical ratio ||sf (| /||s}|| satisfies:

k—
[
IsF

Element-wise analysis reveals the structure s;; =
o)y + (1 = o(y;))A; where A; = o(yn;)yn;. The
derivative with respect to y;; is:

dSl‘
T L =o(yy) L+ (1 —ayy)) (v — 4j)]
Yij
When Z;J > 0, we have A; < e¥ 4 y;; + 1. The right-
J

hand side is monotonic increasing with range (—o0, 00), so

Jyg, s.t.
Vg < yo, Aj > ey +1
Yy > yo, Aj < eV 4y +1
At the critical point A; = e¥° +yo+ 1, we get 515 (o) =
yo + 1. This implies min; s;; can approach zero when

yi; — —1, causing unbounded noise amplification. To en-
sure min; s;; > 0, we require:

Aj>e '~ 03679 = o(yn)yn; > e " = yn; > 0.575

Similarly for y;; > 0.575. Thus, input features must be
clipped to [0.575, 00) to prevent infinite noise amplification,
which may cause catastrophic information loss. O
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B. Detailed Experimental Settings

This section provides supplementary details for Section 5.1.

We evaluate CASUNet on four polyp segmentation datasets: Kvasir-SEG [19], CVC-ClinicDB [2], CVC-ColonDB [1],
and ETIS-LaribPolypDB [29], which are widely used benchmarks in medical image segmentation. These datasets vary in
resolution (332x487 to 1920x 1072) and clinical complexity, with ETIS-LaribPolypDB considered the most challenging due
to diverse polyp shapes and sizes. For reproducibility, all input images are resized to 352x352 pixels before training.

The datasets are split into training, validation, and test sets following established protocols from PraNet [12], FCB-
Former [13] and RAPUNet [22], with an 80%-10%—10% ratio for seen datasets (Kvasir-SEG, CVC-ClinicDB) and fixed
test partitions for unseen datasets (CVC-ColonDB, ETIS-LaribPolypDB). For example, CVC-ColonDB contains 380 images
from 15 colonoscopy sequences, while ETIS-LaribPolypDB includes 196 images with varying polyp types and resolutions.
This split ensures robustness evaluation under both familiar and novel clinical conditions.

Data augmentation follows standard practices in medical imaging, incorporating horizontal/vertical flips, affine transfor-
mations (scale: 0.5-1.5, rotation: £180°), and color jitter (brightness: 0.6—1.6, contrast: 0.2, saturation: 0.1, hue: 0.01).
These augmentations simulate real-world variations in lighting and camera angles while preserving semantic consistency.
For noise experiments, Gaussian noise with 1 = 0,0 = 0.1 is injected into test sets only, aligning with clinical scenarios
where training data is high-quality but inference involves low-dose or artifact-prone imaging.

Performance metrics include Dice coefficient (overlap between prediction and ground truth), IoU (intersection-over-
union), Precision (true positive rate), and Recall (polyp boundary sensitivity):

215 N JN
Dice = 7A|y y\ N | = |‘7{ yl,
9] + |yl |y Uyl
TP TP
eesIon = 25 Y T TP EN

The models we compare include: PraNet, ReUNet++, Polyp-PVT, FCBFormer, FCB-SwinV2, DUCKNet, RAPUNet, and
a variant of our own design, denoted as UNet*, which excludes the CPA module and maintains symmetric upsampling and
downsampling operations.

15

WACV
#2274

923

924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940

941

942

943
944
945



WACV
#2274

946

947

948

WACYV 2026 Submission #2274. ‘ Algorithms Track. | CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

C. Noise Robustness Evaluation

The noise robustness experiments on Kvasir-SEG and CVC-ColonDB are shown in Table 6 and Table 7, with the same setups

as Section 5.3.

Noise Setting W/O Noise W/ Noise

Models mDice mloU mPrec mRec mDice mloU mPrec mRec
UNet* 0.901 0.819 0.932 0.872 0.742 0.726 0.853 0.830
CASUNet-LA 0.923 0.857 0.965 0.886 0.791 0.741 0.873 0.830
CASUNet-PA-02 0929 0868 0948 0921 0812 0684 0877 0757
CASUNet-PA-03 0.927 0.863 0.949 0.905 0.792 0.655 0.780 0.804
CASUNet-PA-04 0.924 0.859 0.943 0.906 0.747 0.596 0.667 0.848
CASUNet-PA-05 0.931 0.870 0.957 0.907 0.774 0.631 0.729 0.723
CASUNet-CPA-02 0928 0865 0942 0913 0848 0736 0905 0860
CASUNet-CPA-03 0.930 0.870 0.932 0.929 0.850 0.738 0.843 0.856
CASUNet-CPA-04 0.927 0.864 0.947 0.911 0.826 0.704 0.851 0.803
CASUNet-CPA-05 0.939 0.885 0.942 0.936 0.810 0.781 0.778 0.849

Table 6. The segmentation performance on Kvasir-SEG with or without noise, where CASUNet-LA, CASUNet-PA-od, CASUNet-CPA-
od indicate the asymmetric architecture with linear aggregation module, Polynomial Aggregation module, and Chebyshev Polynomial

Aggregation module with order d, respectively.

Noise Setting W/O Noise W/ Noise

Models mDice mloU mPrec mRec mDice mloU mPrec mRec
UNet* 0.914 0.839 0.931 0.899 0.749 0.599 0.723 0.777
CASUNet-LA 0.920 0.855 0.925 0.925 0.866 0.763 0.889 0.844
CASUNet-PA-02 0919 0851 0920 0920 0797 0663 0850 0750
CASUNet-PA-03 0.920 0.853 0.946 0.896 0.712 0.552 0.798 0.642
CASUNet-PA-04 0.926 0.861 0.909 0.943 0.733 0.578 0.771 0.755
CASUNet-PA-05 0.919 0.850 0.908 0.930 0.629 0.459 0.781 0.490
CASUNet-CPA-02 0924 0860 0936 0913 0849 0738 0918 0790
CASUNet-CPA-03 0.923 0.857 0.923 0.921 0.761 0.614 0.842 0.818
CASUNet-CPA-04 0.925 0.861 0.951 0.901 0.823 0.699 0.900 0.759
CASUNet-CPA-05 0.925 0.861 0.945 0.906 0.826 0.704 0.850 0.842

Table 7. The segmentation performance on CVC-ColonDB with or without noise, where CASUNet-LA, CASUNet-PA-od, CASUNet-
CPA-od indicate the asymmetric architecture with linear aggregation module, Polynomial Aggregation module, and Chebyshev Polynomial

Aggregation module with order d, respectively.
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