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Abstract

Automatic polyp segmentation is crucial for improving the clinical identification of colorec-
tal cancer (CRC). While Deep Learning (DL) techniques have been extensively researched
for this problem, current methods frequently struggle with generalization, particularly in
data-constrained or challenging settings. Moreover, many existing polyp segmentation
methods rely on complex, task-specific architectures. To address these limitations, we
present a framework that leverages the intrinsic robustness of DINO self-attention “key”
features for robust segmentation. Unlike traditional methods that extract tokens from the
deepest layers of the Vision Transformer (ViT), our approach leverages the key features
of the self-attention module with a simple convolutional decoder to predict polyp masks,
resulting in enhanced performance and better generalizability. We validate our approach
using a multi-center dataset under two rigorous protocols: Domain Generalization (DG)
and Extreme Single Domain Generalization (ESDG). Our results, supported by a compre-
hensive statistical analysis, demonstrate that this pipeline achieves state-of-the-art (SOTA)
performance, significantly enhancing generalization, particularly in data-scarce and chal-
lenging scenarios. While avoiding a polyp-specific architecture, we surpass well-established
models like nnU-Net and UM-Net. Additionally, we provide a systematic benchmark of the
DINO framework’s evolution, quantifying the specific impact of architectural advancements
on downstream polyp segmentation performance.

Keywords: representation learning, polyp segmentation, self supervised learning, gener-
alizability, vision transformers

1. Introduction

Colorectal Cancer (CRC) is the third most common cancer type and the second leading
cause of cancer-related deaths. Around 95% of cases arise from the development of polyps
in the colon or rectum, which, if undetected, can lead to cancer (Gupta and Mishra, 2024).
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Figure 1: Illustration of the variability of PolypGen (Ali et al., 2023) samples across different
centers. Blue highlights chromoendoscopy samples, with arrows indicating other
segmentation challenges, such as varying lighting and device-related labels.

Colonoscopy remains the gold standard for polyp screening. However, polyps often re-
semble normal tissue, making detection particularly difficult, especially for less experienced
operators. Missed or inconsistent detections can also result from operator-dependent factors
(e.g. colonoscope speed) (Wu et al., 2024). Several studies have focused on automatic polyp
segmentation to improve detection and patient outcomes (Illimoottil and Ginat, 2023).

The introduction of U-Net (Ronneberger et al., 2015) marked a significant advance-
ment in semantic segmentation and inspired a variety of general (Zhou et al., 2018; Chen
et al., 2017) and polyp segmentation specific (Safarov and Whangbo, 2021; Sun et al.,
2019; Nguyen-Mau et al., 2023; Murugesan et al., 2019; Patel et al., 2021; Yeung et al.,
2021) Convolutional Neural Network (CNN)-based methods. Criticizing the growing num-
ber of task-specific U-Net-based architectures, Isensee et al. (2021) introduced nnU-Net, a
self-configuring U-Net model designed to be applicable to any medical segmentation task,
including polyp segmentation (Huang et al., 2024). It automatically configures the most
appropriate U-Net architecture for the dataset at hand, thus mitigating the need for labo-
rious adaptation. Nevertheless, promising U-Net-based architectures continue to emerge.
For example, Du et al. (2025) introduced a novel polyp segmentation method, UM-Net,
based on the hypothesis that incorporating reverse-contour information, adaptive learning
of local and global contexts, and multi-level feature fusion can enhance polyp segmentation
performance. UM-Net effectively outperformed several advanced polyp segmentation meth-
ods such as PraNet (Fan et al., 2020), SFANet (Fang et al., 2019), ACSNet (Zhang et al.,
2020b), Polyp-PVT (Dong et al., 2021) and FANet (Tomar et al., 2022), becoming state-of-
the-art (SOTA). In a broader context, transformer-based models, originally developed for
Natural Language Processing (NLP), have become increasingly popular in vision tasks, as
their attention mechanisms capture rich contextual relationships (Wang et al., 2023; Ling
et al., 2023; Xiao et al., 2024).

Despite the significant progress made by these methods, challenges still persist in their
integration into the clinical workflow. As shown in Figure 1, colonoscopy data is highly
heterogeneous, influenced by factors such as the acquisition device, patient demographics,
technique, and lighting conditions (Wei et al., 2021). These variations introduce specific
characteristics in the data that do not always align with clinically relevant information.
When DL models are trained on such data, they tend to learn these non-relevant features
and mistakenly associate them with clinical meaning. Consequently, models base their
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predictions on spurious correlations rather than robust clinical features. This bias leads to
significant performance degradation when applied to unseen domains where such misleading
cues are absent (Zhang et al., 2018; Mehrabi et al., 2021; Geirhos et al., 2020). Therefore,
for Artificial Intelligence (AI) models to be efficiently integrated into clinical workflows,
they must be robust to these shifts in data distribution. While recent advancements in
polyp segmentation are promising, their performance tends to degrade on unseen data
distributions (Mei et al., 2025). Transfer learning and domain adaptation methods can
address these challenges by adapting models to new data, but they often require large,
annotated datasets, which are expensive and time-consuming to collect (Zhang et al., 2020a).

In contrast, Self-Supervised Learning (SSL) has gained significant attention for its ability
to train models without labeled data while producing more robust representations, making
it a promising way to overcome the limitations of large annotated datasets (Jing and Tian,
2020; Tendle and Hasan, 2021). Specifically, Distillation with No Labels (DINO) (Caron
et al., 2021) has emerged as one of the most effective approaches, particularly when combined
with Vision Transformers (ViTs) (Dosovitskiy, 2020). In ViTs, the decoder typically receives
learned tokens for prediction, while the self-attention mechanism generates additional data
representations used for attention scoring. Notably, the auxiliary “key” representations
obtained through DINO pretraining offer greater robustness and interpretability than the
tokens, potentially enhancing the model’s generalization capabilities (Amir et al., 2021).

Validating this hypothesis, we demonstrate that the intrinsic robustness of DINO “key”
features directly translates to superior generalization in polyp segmentation, particularly
in data-constrained scenarios. Furthermore, we systematically evaluate the evolution of
the DINO framework, quantifying how architectural advancements across versions impact
segmentation performance (Caron et al., 2021; Oquab et al., 2023; Siméoni et al., 2025).

The main contributions of this study can be summarized as follows: (1) We present
a straightforward supervised approach leveraging DINO ViT “key” features that achieves
SOTA results without relying on complex, task-specific architectures. (2) We validate the
model’s robustness through stringent Domain Generalization (DG) and Extreme Single Do-
main Generalization (ESDG) protocols, employing a comprehensive statistical analysis to
confirm its superiority in data-scarce settings. (3) We provide a comparative benchmark of
the DINO framework’s progression, quantifying the specific impact of architectural advance-
ments on segmentation performance. (4) Through targeted ablation studies, we empirically
demonstrate that pre-trained DINO features are sufficiently robust to render task-specific
fine-tuning unnecessary. (5) We demonstrate that our approach achieves the best perfor-
mance and lower computation cost than most baselines, facilitating clinical integration.

2. Materials and Methods

2.1. Data

PolypGen (Ali et al., 2023) is a comprehensive colonoscopy dataset collected from six hos-
pitals and comprises 3,762 annotated polyp pictures. These include sequence frames and
single frames, all validated by six senior gastroenterologists. Our analysis focuses on the
single-frame subset, which contains 1,537 samples. Their distribution across institutions is
as follows: C1: 256, C2: 301, C3: 457, C4: 227, C5: 208, and C6: 88.
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This dataset not only enables a comprehensive evaluation of model segmentation gener-
alization, as it includes data from multiple hospitals, but it is also highly heterogeneous. As
seen in Figure 1, images might contain device-related annotations, such as dates and other
non-anatomical elements, and vary significantly in terms of light conditions and blurring.
Additionally, the dataset includes samples from chromoendoscopy (Song et al., 2007), a
contrast-enhanced colonoscopy technique using methylene blue, which also introduces sig-
nificant variability. We consider this to be the most challenging publicly available dataset
for the task, likely better representing real deployment scenarios.

2.2. Distillation with no labels (DINO)

DINOv1 DINO (Caron et al., 2021) is a SSL method trained on the ImageNet dataset (Rus-
sakovsky et al., 2015), designed to improve feature learning through knowledge distilla-
tion (Ohri and Kumar, 2021). It trains two identical networks—a student and a teacher—
each receiving different views of the same image. Each model consists of a ViT and a DINO
head with three Multilayer Perceptron (MLP) layers. A ViT model encodes an image
by embedding each patch as a separate token. To this sequence, it adds a learnable [CLS]
token whose role is to absorb global contextual information through the self-attention mech-
anism. The final [CLS] embedding is then used as a compact, image-level representation.
This [CLS] token from the ViT is passed to the DINO head, generating a representation
of the input. While the teacher generates this representation from a global view of the
input, the student receives either a global or local crop. The student learns by attempting
to imitate the teacher’s output, with the teacher’s parameters updated gradually using an
Exponential Moving Average (EMA) of the student’s past iterates. Furthermore, to prevent
collapse of these representations during training, the teacher’s output undergoes centering
and sharpening. Centering prevents any one dimension from dominating, but may promote
a uniform distribution, while sharpening has the opposite effect.

DINOv2 (Oquab et al., 2023) expands the pretraining dataset size through an automatic
curation pipeline, creating the LVD-142M dataset. It combines the learning objectives
of the original DINO and the iBOT SSL framework (Zhou et al., 2021), resulting in an
image-level objective that compares the teacher’s and student’s predictions on the teacher’s
global views, and a patch-level objective where the student predicts masked patches to
match the iBOT teacher, which observes the corresponding visible patches. Instead of the
original softmax centering for the teacher’s predictions, DINOv2 employs Sinkhorn-Knopp
centering (Caron et al., 2020).

Overall, the key technical improvements introduced in DINOV2 primarily focus on en-
abling larger models to better handle and learn from vast amounts of data.

Registers Darcet et al. (2023) observed the emergence of high-norm tokens in the back-
ground areas of the images, a new behavior in DINOv2 that was not present in the original
version of the framework. These artifacts primarily appear in tokens containing redundant
information. Based on this, the authors hypothesize that the model may be identifying
irrelevant information and reusing these patches to aggregate global features, a theory fur-
ther supported by the fact that these tokens appear only in the later layers of the ViT. To
address this issue, the authors propose the addition of four “register tokens” at the end of
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the token sequence in the ViT. These tokens seem to mitigate the observed artifacts by iso-
lating and redirecting this ViT tendency to encode global computations in arbitrary patch
tokens, thereby preventing this behaviour from interfering with patch-level representations.

DINOv3 Siméoni et al. (2025) built upon DINOv2 with register tokens, introducing DI-
NOv3. Based on the advances in automatic curation of large-scale, uncurated data explored
in DINOv2 with the LVD-142M dataset, the authors constructed the LVD-1689M dataset,
sourced from approximately 17 billion publicly available Instagram images. The learning
objective also remains similar to DINOv2, incorporating the image-level objective (Caron
et al., 2021) and the patch-level objective from iBOT (Zhou et al., 2021).

In DINOv2, the backbone used for self-supervised training and later distilled into smaller
variants is the ViT-g architecture, which has 1.1 billion parameters. In DINOv3, the authors
introduce a new variant, ViT-7B, with 6.7 billion parameters. Compared to ViT-g, ViT-7B
retains the same depth of 40 blocks but increases the patch size from 14 to 16 and the
embedding dimensions from 1536 to 4096. Additionally, the authors modify the traditional
position embeddings to a custom version of Relative Position Embeddings (RoPE) (Su et al.,
2024). In RoPE, the position of patches is represented within a coordinate box in the range
[-1, 1]. The authors modify this by introducing “RoPE-box jittering”, that randomly scales
the coordinates of each patch within the interval [-s,s], where s ranges between 0.5 and 2.

One of the most significant advancements in DINOv3 is the introduction of Gram An-
choring. The authors observe that the cosine similarity between the patch outputs and the
[CLS] token increases during longer training periods, leading to the loss of local-specific
information. To address this issue, the authors propose a new loss function based on the
Gram matrices (Gatys et al., 2016) of the student and teacher models.

The Gram matrix is a matrix of pairwise dot products between patch features in an
image that captures the relationships between these features. With this new loss function,
the Gram matrix of the student model is pushed to align with the Gram matrix of an
earlier iteration of the teacher model, as the teacher’s early iteration exhibits superior
dense properties. By minimizing this loss, the model is encouraged to preserve patch-level
consistency without directly modifying the features themselves.

In addition to Gram Anchoring, the authors introduce resolution scaling, which helps
the model better adapt to higher image resolutions. This involves training the model for
an additional 10k iterations using crops with varying resolutions up to 768 pixels.

2.3. Model Architecture

Figure 2 illustrates the proposed architecture. It consists of a ViT small (ViT-s) feature
extractor, pretrained with DINO, and paired with a CNN-based decoder. Amir et al. (2021)
studied DINO-pretrained ViT features, focusing on the interpretability of the ViT’s self-
attention mechanism and the robustness of DINO representations. Amir et al. (2021) found
that “key” features offer a more object-centered representation, preserving positional in-
formation better than other computed features. Moreover, compared to supervised ViTs,
DINO’s self-supervised feature space organizes descriptors based on semantic parts, inde-
pendent of the original class, showing increased robustness and potential for better general-
ization. Following these observations, we extract the “key” features from the self-attention
module at the last layer of the ViT-s for further processing. We then add a projection
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Figure 2: Model architecture for polyp segmentation using DINO ViT “key” features. H,
W and C represent the height, width and number of channels, respectively. The
input image is passed through a ViT encoder, and “key” features are extracted
from the multi-head attention block in the last layer. These features are reshaped
and projected to match the spatial dimensions required by the decoder, which
generates the final segmentation mask.

layer as a bridge to the decoder, mapping the 384 elements of the patch embeddings to
1024 channels. Our decoder is composed of five unit blocks. The first four blocks include a
bilinear upsampling operation followed by double convolution, which progressively refines
the feature maps. Then, the final block performs a pointwise convolution operation that
maps the features to the end dense prediction mask.

We intentionally keep the architecture simple, using the smallest ViT version and a
low-depth, straightforward CNN-based decoder. Without adding unnecessary complexities,
the strength of this approach lies in the robustness of the extracted “key” features.

2.4. Baselines

To validate the effectiveness of our approach, we compare it with U-Net with 4 stages of
depth and bilinear upsampling instead of transposed convolutions (similarly to our decoder);
nnU-Net (Isensee et al., 2021); and different variations of UM-Net (Du et al., 2025).

nnU-Net. Isensee et al. (2021) introduced an adaptive U-Net approach, which has gained
widespread recognition for delivering SOTA results. In the same way, the pre-processing
of input images and the post-processing of predictions are selected through automatic de-
sign choices. nnU-Net groups these decisions into three categories: fixed, heuristic (rule-
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Figure 3: UM-Net variants. (a) UM-Netbase, the U-Net baseline of UM-Net. (b) UM-Netloss,
the full implementation of UM-Net, incorporating the considered losses. The
segmentation loss, Lseg, is composed of the Dice loss (Ldice) and the Binary
Cross-Entropy (BCE) loss. Ledge represents the focal loss, while Lvar denotes
the variance loss, applied to the variance between deep predictions. H, W and C
represent the height, width and number of channels, respectively. En and Dn refer
to the nth encoder and decoder blocks, respectively. CBAM represents the Con-
volutional Block Attention Module, RCG the Reverse-Contour Guidance Module,
ALGM the Adaptive Local-Global Context Module and, finally, the HPPF the
Hybrid Pyramid Pooling Fusion Module. This figure is adapted from Du et al.
(2025).

based), and empirical parameters. Fixed parameters remain constant across datasets and
correspond to configurations that have been shown to work reliably in a wide range of
tasks. Heuristic parameters depend on the extracted dataset fingerprint and are determined
through explicit logical rules rather than learned from data. Finally, empirical parameters
are selected using the training data via cross-validation, by choosing the configuration that
performs best. Overall, nnU-Net has demonstrated excellent results across diverse segmen-
tation tasks (Isensee et al., 2020; Ferrante et al., 2022) and effectively addresses the problem
of laborious, dataset-specific adaptation. As a result, it has become one of the standard
segmentation baselines that new methods aim to outperform.

UM-Net. In UM-Net (Du et al., 2025), the input data is first processed by a 5-block
ResNet34 encoder. The output from the first and shallowest encoder block (E1) is passed
through a Convolutional Block Attention Module (CBAM), which assigns attention weights
across both the spatial and channel dimensions. The processed features undergo 2D con-
volution with a single output channel to emphasize the edges (Fedge). The outputs from
E2-E5 are compressed to 64 channels, while preserving the spatial dimensions of the features.
The compressed output of E5 is processed by an Adaptive Local-Global Context Module
(ALGM) before being fed to the decoder. This module is designed to capture multi-scale
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information through two submodules: a global module and a local module. The global
module captures long-range dependencies between pixels in the feature map, while the local
module applies cascaded dilated convolutions to the features, integrating information across
multiple scales. The outputs from both modules are then combined and processed through
a squeeze-and-excitation (SE) block, which re-weights the channels to emphasize the most
relevant features.

The Reverse-Contour Guidance Module (RCG) combines Fedge with reverse features,
obtained by generating a reverse attention map from the output of the previous decoder
block. In addition, it incorporates compressed encoder features, containing high-level infor-
mation. By combining enhanced edge information with reverse semantic context, the RCG
module generates refined features, which are then fed to the decoder blocks.

With the exception of the deepest decoder block, each decoder block receives a 192-
channel input and delivers a 64-channel output. The inputs consist of the RCG-processed
features, ALGM-processed features, and the features from the previous decoder block. The
final prediction is determined by a fusion between the outputs of D1, D2 and D3.

Each decoder block consists of two convolutional layers followed by an upsampling layer,
doubling the spatial dimensions of the input. The first convolutional layer reduces the
number of channels from the input to one-quarter of the input channels, using a 3x3 kernel
with a stride of 1. After the convolution, batch normalization is applied to stabilize the
activations, followed by a ReLU activation. The second convolutional layer further processes
these features, mapping the output from the first layer to the final 64 output channels, using
a 3x3 kernel and a stride of 1. Finally, the upsampling layer uses bilinear interpolation to
scale the spatial dimensions by a factor of 2.

To properly deal with inconsistencies in color in colonoscopy images, the authors also
propose a color transfer operation as a new type of color invariance method. For a certain
input image, a random reference image is selected. Both are converted to the LAB color
space, where the target colors are mapped to the distribution of its selected reference.

The authors train their architecture with the Dice loss, Binary Cross-Entropy (BCE)
loss, a focal loss (focused on the boundaries of the segmentation), and an introduced variance
loss, using deep supervision in the decoder.

We consider the following UM-Net variations, depicted in Figure 3: (1) UM-Netbase:
the U-Net baseline on which UM-Net is built. (2) UM-Net: trained using the Dice loss.
(3) UM-Netloss: trained with the complete set of losses described in Du et al. (2025).

2.5. Implementation details

We summarize the key differences in implementation across DINO versions in Table 4 in
Appendix A.

For the experiments conducted using DINOV1, the patch size used was 16 pixels, with a
stride set to 50% of the patch size (i.e., 8 pixels). With DINOV2, the model was pretrained
on the LVD-142M dataset. For this version, the available checkpoints were pretrained with
a patch size of 14. Similarly to the original version, we consider a stride of 50% of the patch
size. Finally, DINOV3 (Siméoni et al., 2025) uses a patch size of 16, and was pretrained on
the LVD-1689M dataset, built on an automatic curation of Instagram public images. The
stride used was the same as in previous versions.
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The ViT extractor is kept frozen for all experiments. Consistent with the DINO authors’
findings (Oquab et al., 2023; Siméoni et al., 2025), our observations confirm that these
features are already sufficiently robust for the downstream task. Section 2.8 describes the
experiments that lead to this observation, and Appendix D has the corresponding results.

The images are reshaped to 224x224. During training, the image intensities are normal-
ized and randomly receive transformations such as horizontal and vertical flipping, rotation
(limited to 45° and with a probability of 50%) and color jittering (with a probability of
30%). UM-Net variants also include color transfer, as introduced by the authors. nnU-Net
does not follow our determined augmentations as it has its own preprocessing configura-
tions. The models are trained on an NVIDIA GPU RTX8000 with a batch size of 4 for
300 epochs using the Adam optimizer (Adam et al., 2014), and a learning rate of 1× 10−5.
We select the evaluation checkpoint using the maximum validation Dice Score Coefficient
(DSC). All models are trained with the Dice loss, except for UM-Netloss, where we replicate
the loss functions described in Du et al. (2025).

2.6. Generalization assessment

We evaluated our model against the baselines in two generalization tests: the Domain
Generalization (DG) and the Extreme Single Domain Generalization (ESDG) tests (Che
et al., 2023). These tests are designed to simulate real-world deployment scenarios, where
models are required to perform well on unseen data from different domains or environments.

DG Test. This test follows the leave-one-domain-out protocol. In this setup, the model
is trained using data from multiple centers, but the performance is assessed by excluding
one center at a time during the training phase, testing the model’s ability to generalize to
that unseen domain. This is a challenging test since it evaluates how well the model can
handle data from entirely new domains that were not part of its training process.

ESDG Test. The ESDG test is an even more stringent evaluation, simulating a real-
world scenario where the model is trained on a single domain (in this case, one center’s
data) and then tested on the remaining centers. This test assesses the ability of the model
to generalize to other domains without having seen them during training, in a much more
data-limited setting.

2.7. Statistical analysis

It is currently common practice to report performance improvements by directly compar-
ing results with baseline models. However, some observed differences may lack statistical
significance and therefore do not provide sufficient evidence that a given model genuinely
outperforms its baselines. To ensure a rigorous assessment of our results—both in the main
experiments and in the ablation studies—we evaluate the statistical significance of the dif-
ferences observed in DSC performance. For detailed explanation of the considered tests,
please refer to Appendix B.

Statistical testing is performed independently for each generalization setting. For each
fold (for example, fold 1 under the DG evaluation), we compute a single average DSC value
per model. This produces a paired set of observations across folds for any two models
under comparison. The Wilcoxon signed-rank test is applied to these paired differences,
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evaluating whether the median difference deviates significantly from zero. In doing so, it
assesses whether one model consistently achieves higher segmentation performance than
another in a statistically meaningful way.

2.8. Complementary experiments

We conduct two ablation studies—one examining the impact of our decoder architecture
and another assessing the impact of fine-tuning the DINO ViT features. Additionally, we
examine the computational load of each model.

Ablation: Decoder Architecture. The original UM-Net decoder could not be directly
integrated into our pipeline, primarily because it relies on skip connections. This require-
ment makes the number of input and output channels incompatible with the unidirectional
flow of features in our approach. Because of this, we replaced it with a slightly different,
simple CNN-based decoder. However, to ensure that this architectural change does not
introduce a confounding factor, we perform a dedicated ablation using UM-Netbase. Specif-
ically, we take the encoder from UM-Netbase and append a projection layer that maps its
512 channel output to the 1024 channels required by our decoder. We then attach our
decoder and evaluate the performance of this changed configuration. By comparing the
results with those obtained using the original UM-Netbase decoder, we verify whether our
decoder introduces any significant difference. Demonstrating that this change does not no-
tably affect performance, we confirm that these decoder differences do not compromise the
validity of our study. Results of this ablation are provided in Appendix C.

Ablation: Supervised Fine-tuning of DINO Features. To determine whether polyp
segmentation benefits from supervised fine-tuning of the DINO ViT extractor, we conduct
an ablation study comparing the performance of each version (V1, V2, V2R, and V3)
when using the pretrained features directly, i.e., without any task-specific tuning, against
the performance obtained after supervised fine-tuning for polyp segmentation. We then
assess the statistical significance of the differences between these two settings to determine
whether these representations gain meaningful improvements from task-specific supervision
or whether their strength derives primarily from self-supervised pretraining, thus making
further fine-tuning unnecessary. Results of this ablation are provided in Appendix D.

Computational Load. For each model and generalization test, we calculate the average
training time per epoch over the first 10 epochs. From this, we can derive the average
running time per epoch for each fold and model. These folds correspond to those used in
the generalization tests, with 6 folds for the DG test (e.g., DG1 uses data from centers
2-6 for training and validation, and data from center 1 for testing) and another 6 folds for
the ESDG test (e.g., ESDG1 uses data from center 1 for training and validation, and data
from centers 2-6 for testing). With these findings, we can objectively assess the relative
computing loads of these models. Furthermore, we aim to compare inference times by
evaluating the elapsed time for making a prediction on a random input with dimensions
(H, W, C) = (224, 224, 3). Due to its need for input sizes divisible by 256 and greater
than 256, nnU-Net is an exception, accepting an input with dimensions (H, W, C) = (512,
512, 3). The Least Common Multiple (LCM) 1792, which takes into account 14, 16, and
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Table 1: Domain Generalization (DG) and Extreme-Single Domain Generalization (ESDG)
test results represented as (100 × avg)100×std. Best performance per column is
depicted in bold.

Model
DG ESDG

DSC Recall Acc DSC Recall Acc

U-Net 60.7512.78 59.9815.73 95.840.80 38.156.78 48.8111.01 89.485.80
nnU-Net 65.0914.75 65.6815.15 95.501.64 52.367.97 57.4010.63 93.211.65
UM-Netbase 69.6914.16 69.4115.92 96.821.33 61.043.38 66.072.43 95.190.43
UM-Net 71.4412.81 68.4617.39 97.130.78 60.774.05 63.735.10 95.070.87
UM-Netloss 73.2613.42 70.8816.02 97.420.88 63.223.23 65.034.05 95.600.31
ProposedV1 71.1614.86 69.9316.64 97.001.37 64.034.10 66.533.19 95.720.60
ProposedV2 72.8212.57 69.8916.25 97.370.84 65.314.58 71.543.13 95.541.03
ProposedV2R 77.0011.43 72.3516.43 97.720.58 71.032.75 72.042.82 96.470.49
ProposedV3 80.008.31 75.2114.94 98.070.36 73.643.33 75.512.21 96.970.40

256, could not be used because its size and memory requirements exceed the limits of the
current hardware. The detailed results of these experiments are provided in Appendix E.

3. Results

We present the results for the generalization tests in Table 1, using the evaluation metrics
described in Appendix F: Accuracy, Recall and DSC. In the notation for the proposed
variants, we indicate the DINO version (V1, V2, or V3), along with the presence of register
tokens (denoted as R). The R notation for V3 is omitted, as the registers are already
included in the base for this DINO version.

The proposed model achieves the best performance over both tests. Notably, the per-
formance improvement brought by the proposed configuration is particularly pronounced in
the most challenging evaluation setting, where the model is trained on single-domain data
and evaluated on the remaining five domains. This finding is crucial for the model’s clinical
applicability, demonstrating that our approach can effectively generalize to diverse data
distributions, even with as few as 88 training and validation samples (center 6). Overall,
we observe a clear progression in performance across the different DINO versions, with the
most pronounced improvement corresponding to the introduction of registers in DINOV2.

U-Net exhibits the second largest performance drop from the DG to the ESDG test
(around 37%). This model, while effective in standard conditions, struggled significantly
when trained on a single domain, which highlights its limited generalization capacity and
high sensitivity to domain shifts. Contrarily to expectations, nnU-Net only slightly out-
performed U-Net in most scenarios. Additionally, it experienced the largest drop in DSC,
with a 38% decrease from DG to ESDG testing. On the other hand, UM-Net exhibited the
best generalization among the evaluated baselines, with its performance further improved
by replicating the original training conditions (UM-Netloss). For the tested variations of this
model, the average relative performance drop between tests was between 12 and 20%. How-
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Table 2: Pairwise p-values from Wilcoxon Signed-Rank Test on DG DSC results. A “-”
indicates comparison of the same model. P-values greater than 0.05 (indicating a
non-significant difference) are shaded grey.

U-Net nnU-Net UM-Netbase UM-Net UM-Netloss V1 V2 V2R V3

U-Net - 0.0625 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313
nnU-Net 0.0625 - 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313

UM-Netbase 0.0313 0.0313 - 0.2188 0.0313 0.1563 0.0625 0.0313 0.0313
UM-Net 0.0313 0.0313 0.2188 - 0.2188 0.6875 0.4375 0.0313 0.0313

UM-Netloss 0.0313 0.0313 0.0313 0.2188 - 0.0625 1.0 0.0313 0.0313
V1 0.0313 0.0313 0.1563 0.6875 0.0625 - 0.3125 0.0313 0.0313
V2 0.0313 0.0313 0.0625 0.4375 1.0 0.3125 - 0.0313 0.0313
V2R 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 - 0.0679
V3 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0679 -

ever, it still trailed behind the proposed model, especially in the ESDG tests. Our model,
without any polyp-specific architectural components, demonstrated the best performance
under the most challenging conditions, with DG to ESDG performance drops of 8-10%,
notably lower than those observed in the baselines. While UM-Net remains competitive, it
does not match the robustness and cross-domain adaptability of the proposed framework.

Some of the performance ranges overlap or are quite close, stressing the importance of
statistical analysis to determine whether the observed differences are significant.

Applying the Friedman test to the average DSC results for the DG and ESDG tests, we
obtain p-values of 9.2748× 10−7 and 3.2439× 10−7, respectively. Given that both p-values
are significantly lower than the chosen significance level of α = 0.05, we can reject the
null hypothesis and conclude that there are statistically significant differences between the
performances of at least one of these models.

To further assess which pairs of models exhibit significant performance differences, we
apply the Wilcoxon test with a significance level of α = 0.05. The results of this pairwise
analysis are presented in Tables 2 and 3. Highlighted in grey are the model pairs that do
not show a significant difference in average DSC results across both tests.

In both cases, nnU-Net does not show a significant improvement over U-Net. Examining
the variations of UM-Net, we find no substantial differences between UM-Netbase and UM-
Net, but performance improves notably with UM-Netloss, suggesting that these additional
losses are effectively guiding the model’s learning. For the proposed variants, V2R and
V3 outperform all baselines with significant improvements. While V1 and V2 show gains
over U-Net and nnU-Net in DG tests, they do not surpass the performance of the UM-Net
variants. In the ESDG tests, V1 outperforms UM-Net but does not surpass UM-Netbase or
UM-Netloss, while V2 improves over both UM-Net and UM-Netbase, but not over UM-Netloss.

When comparing the proposed variants, V2 does not appear to provide significant gains
over V1; nonetheless, the addition of register tokens appears to play an important role in
performance enhancement. V3 outperforms V1 and V2, but not V2R. Based on these find-
ings, it appears that the enhancements offered in V2, particularly when combined with the
usage of register tokens to smoothen patch features, are the most significant modifications
introduced by DINO for this specific application.
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Table 3: Pairwise p-values from Wilcoxon Signed-Rank Test on ESDG DSC results. A “-”
indicates comparison of the same model. P-values greater than 0.05 (indicating a
non-significant difference) are shaded grey.

U-Net nnU-Net UM-Netbase UM-Net UM-Netloss V1 V2 V2R V3

U-Net - 0.0625 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313
nnU-Net 0.0625 - 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313

UM-Netbase 0.0313 0.0313 - 1.0 0.0625 0.0625 0.0313 0.0313 0.0313
UM-Net 0.0313 0.0313 1.0 - 0.0625 0.0313 0.0313 0.0313 0.0313

UM-Netloss 0.0313 0.0313 0.0625 0.0625 - 0.2188 0.0938 0.0313 0.0313
V1 0.0313 0.0313 0.0625 0.0313 0.2188 - 0.0625 0.0313 0.0313
V2 0.0313 0.0313 0.0313 0.0313 0.0938 0.0625 - 0.0313 0.0313
V2R 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 - 0.0679
V3 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0313 0.0679 -

We present qualitative examples in Figure 4 from the ESDG setting, where model dif-
ferences were strongest and segmentation was most difficult. They include device-related
artefacts (1st, 2nd, 4th), chromoendoscopy frames (2nd, 4th), miniatures (3rd), and medical
devices (3rd, 4th). U-Net performed the worst, failing on all examples. nnU-Net showed
clear improvements, though it still struggled particularly with miniatures and chromoen-
doscopy. UM-Net variants were less sensitive to these challenges but produced less precise
predictions than our variants, struggling mostly with miniatures and chromoendoscopy. In
contrast, our variants delivered the most accurate results overall: V3 was particularly ro-
bust to miniatures, isolating only the polyp, and only V2 failed to detect the larger polyp
in the 2nd example. We also observe consistent improvements from V1 to V3—especially
in V2R and V3—–matching the trends seen in the quantitative analysis.

These results confirm that our model meaningfully outperforms all baselines, especially
with the most recent DINO variants, and offers the largest gains in data-scarce settings. In
clinical practice, segmentation models must remain robust across variable data distributions
and prioritize medically relevant features over spurious cues. Furthermore, highly special-
ized architectures often fail to generalize beyond their target task; in contrast, our approach
achieves strong performance without task-specific components, using a simple design that
could be adapted to other segmentation problems. This configuration also shows a reduced
computational cost compared to most baselines, as observed in Table 7 of Appendix E.

We depict failure results in Figures 9 and 10 of Appendix G. Interestingly, we observe
that when the test set includes samples from centers 4 and 5, failure rates markedly in-
crease. These centers contain the highest density of device-related labels and the largest
proportion of negative samples, underrepresented in the single-frame data. Although reach-
ing meaningful contributions, we identify some limitations. Ideally, we would use DINO
versions pretrained under identical conditions (patch size, dataset), which was not possible
due to reliance on publicly available weights. Due to computational constraints, we used
the ViT-s architecture for the feature extractor, which is distilled from larger models in V2
and V3. However, using larger variants would likely further increase the performance gap
between our model and the baselines.

13



Monteiro Corbetta Beets-Tan Teixeira Silva

Original Image U-Net nnU-Net UM-Net base UM-Net V1 Ground TruthUM-Net loss V2 V2R V3

Figure 4: Qualitative ESDG results of the baselines and variations of the proposed pipeline.
Predictions and Ground Truth (GT) are overlayed in yellow.

In nnU-Net, self-optimized U-Net consists of a 9-stage encoder-decoder with transposed
convolutions. Given that the nnU-Net has a decoder depth twice that of our model, it is
plausible to expect that a deeper decoder would result in better segmentation performance.
Since this might put our proposed pipeline at a disadvantage rather than nnU-Net, we argue
that it does not invalidate the comparison.

Lastly, UM-Net’s authors released the architecture code but not the training pipeline.
Therefore, UM-Netloss is a result of our implementation based on the paper’s description,
and thus may deviate slightly from the author’s original approach.

4. Conclusions

In this study, we explore DINO ViT “key” features to enhance generalization efficiency in
polyp segmentation, without requiring a tailored architecture. Our experiments show that,
particularly with DINOv2 (using register tokens) and the latest DINOv3, we significantly
outperform the baselines, especially in challenging single-center training. Statistical anal-
ysis confirmed that the observed performance differences were meaningful, validating our
results. This finding not only paves the way for improved generalization in polyp segmen-
tation but also opens opportunities for applying this method to other segmentation tasks.
Notably, with increased model complexity, larger ViT versions could further enhance this
performance.

Future work will focus on applying this approach to polyp video segmentation and in-
vestigating whether this improved generalization is transferable to video data. Colonoscopy
videos typically run at 30 FPS (Kim et al., 2024; Cho et al., 2019), requiring model inference
times below 33 ms (1 s / 30). As shown in Table 8 in Appendix E, all proposed variants
meet this requirement, achieving inference times suitable for real-time video integration.
Furthermore, we are also interested in studying the scalability of this approach to the seg-
mentation of other lesions, such as tumors in Computed Tomography (CT) or Magnetic
Resonance Imaging (MRI).
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Appendix A. DINO Implementation Details

Table 4: Implementation details across versions of DINO.

DINO Version Patch Size Stride Pretraining Dataset

V1 16 pixels 8 pixels (50% of patch size) ImageNet

V2 14 pixels 7 pixels (50% of patch size) LVD-142M dataset

V3 16 pixels 8 pixels (50% of patch size) LVD-1689M dataset

Appendix B. Statistical Analysis

When performing statistical analyses, t-tests are often the default choice, but they are not
ideal in segmentation settings because their underlying assumptions—such as normality and
equal variances—are typically violated. For comparisons involving more than two models,
the most appropriate approach is the Friedman test, specifically with the Iman–Davenport
correction present in equation 1 (Iman and Davenport, 1980), which offers greater reliability
and statistical power.

FID =
(J − 1)χ2

F

J(K − 1)− χ2
F

, (1)

where we have K models evaluated in J folds (repeated measurements).

For pairwise model comparisons, we use the Wilcoxon signed-rank test (Wilcoxon, 1992).
This test is non-parametric—meaning it does not assume any particular distribution for
the underlying data—and is therefore robust to outliers and well suited for repeated cross-
validation scenarios (Rainio et al., 2024). The test is formulated as

T = min(R+, R−), (2)

where R+ and R− denoting the sum of ranks associated with positive paired differences
and the sum of ranks corresponding to negative differences, respectively.

Appendix C. Decoder Ablation

To determine whether the differences between our CNN decoder and UM-Net’s decoder
could be considered a confounding factor, we conduct an ablation study of UM-Net’s base-
line, by comparing both their base decoder and our decoder. We then apply the Wilcoxon
Signed-Rank test to the DSC results to evaluate the significance of these differences.

The distribution of average DSC between both generalization tests is represented in
Figure 5.

The performance difference appears to be more pronounced in ESDG instances, where
UM-Net’s base decoder has a greater range of values than ours. In the DG cases, the
median values are nearly identical, while in the ESDG situations, our decoder’s median
is somewhat lower. Overall, the difference appears to be negligible, as verified by the
Wilcoxon test results, which show a p-value of 0.6875 for the DG comparison and 0.0938
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Figure 5: Boxplots of the DSC results with the two decoder versions - UM-Net’s base and
ours, for (a) DG tests, and (b) ESDG tests.

for the ESDG comparison. Both p-values exceed the α threshold of 0.05, indicating that
the observed performance differences are not statistically significant.

Appendix D. Ablation on the Supervised fine-tuning of DINO Features

We aim to determine whether training the ViT extractor for supervised polyp segmentation
alongside the decoder leads to improved results, or if it is unnecessary, given that the
features provided by DINO already lead to improved SOTA results. For that, we repeat
the same experiments seen in the main body but without freezing the feature extractor.

The notation used follows:

• A for experiments using DINO features directly, i.e., where the feature extractor is
kept frozen during decoder training.

• B for experiments where the feature extractor is not frozen during supervised training,
i.e., where it is fine-tuned for polyp segmentation.

We present quantitative results for DG and ESDG tests across variations of the proposed
pipeline in Table 5.

V3 appears to be the variation with the highest average performance. However, when
comparing cases A and B, no consistent trend emerges regarding which one is more advan-
tageous: in some metrics, version B achieves a higher average, while in others it does not.
Therefore, looking at these tables alone does not lead to a definite conclusion on whether
fine-tuning the DINO features with supervision leads to improved performance.

Using the Friedman test on the average DSC values, we get p-values of 6 × 10−6 and
3× 10−6 for the DG and ESDG tests, respectively. Given a α value of 0.05, at least one of
these models has significantly different DSC performance than the others.
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Table 5: Domain Generalization (DG) and Extreme Single-Domain Generalization (ESDG)
ablation test results represented as (100× avg)100×std. Best performance per col-
umn is depicted in bold.

Model
DG ESDG

DSC Recall Acc DSC Recall Acc

ProposedV1A 71.1614.86 69.9316.64 97.001.37 64.034.10 66.533.19 95.720.60
ProposedV1B 71.8513.04 69.3217.28 97.100.86 64.184.19 68.452.32 95.660.80
ProposedV2A 72.8212.57 69.8916.25 97.370.84 65.314.58 71.543.13 95.541.03
ProposedV2B 71.8813.04 71.3816.94 97.071.26 66.195.16 70.611.92 95.790.88
ProposedV2RA 77.0011.43 72.3516.43 97.720.58 71.032.75 72.042.82 96.470.49
ProposedV2RB 76.3412.13 72.0617.13 97.710.79 70.922.83 73.172.93 96.580.49
ProposedV3A 80.008.31 75.2114.94 98.070.36 73.643.33 75.512.21 96.970.40
ProposedV3B 79.888.98 75.7114.88 97.910.78 73.473.27 76.513.93 96.900.37

Table 6: Pairwise P-values from the Wilcoxon Signed-Rank Test comparing non-fine-tuned
(A) and fine-tuned (B) variants for the Domain Generalization (DG) and Extreme
Single-Domain Generalization (ESDG). P-values greater than 0.05 are shaded grey.

Model 1 Model 2 DG p-value ESDG p-value

V1A V1B 0.8438 0.8927
V2A V2B 0.2188 0.5625
V2RA V2RB 0.2188 0.6875
V3A V3B 0.6875 0.6875

In Table 6, we report the p-values for the A–B version pairs of the proposed pipeline
on the DG and ESDG test sets. Across all comparisons, fine-tuning the extractor features
for supervised polyp segmentation does not yield significant gains. This indicates that the
pretrained features are already well aligned with the requirements of the task and do not
benefit meaningfully from additional supervised refinement.

Appendix E. Computational Load

In this section, we assess the computational load between our model and the baselines. We
include results for the average training time per epoch for each model and fold (Table 7),
the inference time for a randomized input of dimensions (H, W, C) = (224, 224, 3) and
number of parameters (Table 8).

U-Net consistently had the quickest training time per epoch in both types of folds,
followed by UM-Netbase. This is the simplest architecture amongst comparisons; thus,
these results are as expected. On the other hand, nnU-Net had the longest training time,
followed by UM-Netloss and UM-Net. Overall, the proposed variants exhibited training times
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Table 7: Average running time per epoch, over the first 10 epochs of training, for every fold
and model. Lowest results are depicted in bold.

Model Avg t p/epoch DG folds (s) Avg t p/epoch ESDG folds (s)

1 2 3 4 5 6 1 2 3 4 5 6

U-Net 23.3 23.2 19.0 24.9 25.1 28.0 5.9 7.5 9.4 8.9 9.0 5.5
nnU-Net 60.3 54.3 62.8 53.7 63.7 65.1 59.6 59.4 59.4 64.1 63.8 65.6

UM-Netbase 27.8 29.2 25.6 27.8 28.8 33.4 6.0 7.3 10.7 5.8 5.3 3.8
UM-Net 45.8 45.8 34.3 45.7 45.9 50.4 9.3 10.9 16.2 8.2 8.1 4.2

UM-Netloss 48.6 49.7 41.5 52.4 52.7 61.5 10.1 14.5 20.3 10.3 9.2 5.1
ProposedV1 32.8 32.5 27.1 33.7 34.6 41.1 7.0 8.2 12.4 6.8 6.1 3.2
ProposedV2 31.4 30.9 26.4 32.4 33.4 38.4 6.7 7.8 12.0 6.4 5.8 3.3
ProposedV2R 30.3 31.5 26.1 32.3 34.0 38.8 6.2 8.1 13.6 6.6 6.1 3.2
ProposedV3 38.9 38.6 31.9 39.3 41.4 47.3 8.1 9.8 14.9 8.0 6.9 3.7

inferior to most baselines, offering a balanced trade-off between computational load and
performance, important for clinical integration. Focusing solely on the proposed variants,
we observe that the running times for V1 through V2R are similar, with a noticeable increase
in time when transitioning to V3.

In general, we consider our tradeoff between performance and computational load to be
efficient, as we demonstrate improved performance over SOTA models with quicker training.

In Table 8, we can observe that, while proposed variants have the highest number of
parameters, inference time is lower than UM-Net and UM-Netloss, demonstrating once again
improved performance over increased computation efficiency.

Table 8: Evaluation of model size and inference time. The best result is depicted in Bold.

Model Params (M) Inference Time (ms)

U-Net 17.27 5.61
nnU-Net 59.18 14.57

UM-Netbase 21.55 8.96
UM-Net 22.79 27.22

UM-Netloss 22.79 27.00
ProposedV1 31.47 11.07
ProposedV2 31.86 15.25
ProposedV2R 31.86 15.31
ProposedV3 31.40 20.94

Appendix F. Evaluation Metrics

Accuracy defines the percentage of pixels of the image that were correctly classified. It
ranges from [0, 1], 1 being perfect pixel-wise classification, and 0 translating that none of
the pixel-wise predictions made were correct.
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Accuracy =
TP + TN

TP + TN + FP + FN
(3)

where TP, FP, TN, FN represent the number of true positives, false positives, true
negatives and false negatives identified.

Recall represents the proportion of TP correctly identified by the segmentation algo-
rithm.

Recall =
TP

TP + FN
(4)

It ranges from [0, 1], 1 representing that all polyp pixels in the image were correctly
identified, and 0 being none.

And, finally, the DSC is given by the formula:

DSC =
2 · |A ∩ B|
|A|+ |B|

=
2 · TP

(2 · TP) + FP + FN
(5)

where A and B denote the sets of pixels corresponding to the predicted segmentation
and the ground truth, respectively. |A ∩ B| represents the number of common pixels of
both sets, while |A| and |B| are the sizes of the respective sets. It is a measure of the
overlap of the true class in the prediction and the ground truth mask, ranging [0, 1], where
1 represents a perfect overlap.

Appendix G. Failure cases

This section examines failure trends for both the best baseline and the best-performing
proposed version. Our goal is to determine whether these failure examples exhibit any
intriguing patterns that may be useful for further research. Initially, we group samples by
origin center and examine the DSC distribution across DG and ESDG tests. Figures 6, 7
and 8 show these results.

It is noteworthy that samples from centers 4 and 5 achieved substantially lower aver-
age performance than those from the other centers. In particular, these centers show a
much higher number of segmentation failures, suggesting that their images contain domain
characteristics that remain challenging for all models and demand further investigation.

Figures 9 and 10 illustrate qualitative failure cases from centers 4 and 5. Across models,
a common pattern emerges: colon folds are often misinterpreted as elongated polyps, and
the reverse also occurs, with true polyps mistakenly treated as folds and left unsegmented.
Another recurrent issue is that models frequently produce positive predictions even when
the ground truth is empty. This is particularly pronounced for center 4, where roughly
35% of samples contain no polyps. Since negative samples are underrepresented across the
dataset, the models learn a bias toward predicting non-empty masks. Additionally, these two
centers contain a higher concentration of large device-related annotations, which may further
degrade performance. Finally, consistent with known challenges in polyp segmentation,
small and flat polyps remain among the most common failure types.
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Figure 6: DSC distribution of UM-Netloss for each ESDG test and each center’s samples.

25



Monteiro Corbetta Beets-Tan Teixeira Silva

C2 C3 C4 C5 C6

ES
DG

 1
ES

DG
 2

ES
DG

 3
ES

DG
 4

C1

ES
DG

 5
ES

DG
 6

Figure 7: DSC distribution of ProposedV3 for each ESDG test and each center’s samples.
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Figure 8: DSC distribution of UM-Netloss and ProposedV3 for each DG test.
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Figure 9: Examples of failure cases for UM-Netloss and ProposedV3 in samples from C4.
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Figure 10: Examples of failure cases for UM-Netloss and ProposedV3 in samples from C5.
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