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Abstract. Automatic polyp segmentation is crucial for improving the
clinical identification of colorectal cancer. While pretrained representa-
tions are reshaping computer vision, their role in medical image seg-
mentation under domain shift remains underexplored. We propose a
representation-driven framework that leverages self-attention “key” fea-
tures from DINO-pretrained Vision Transformers, which capture object-
centric and spatially consistent representations, enabling more robust
segmentation without relying on complex task-specific architectures. We
evaluate our framework on a multi-center dataset with substantial inter-
center variability, using Domain Generalization (DG) and Extreme Sin-
gle Domain Generalization (ESDG) protocols to simulate realistic dis-
tribution shifts. Frozen DINO features achieve performance compara-
ble to specialized architectures, while supervised fine-tuning consistently
improves results, reaching state-of-the-art performance particularly in
data-scarce settings. A systematic comparison of DINO variants (V1 to
V3) further shows that advances in self-supervised representation learn-
ing translate into improved cross-domain generalization. These findings
suggest that representation quality, rather than architectural complexity,
is the primary driver of generalization in medical image segmentation.
Code: https://github.com/Trustworthy-AI-UU-NKI/RepMatters.git.

Keywords: Polyp segmentation · representation learning · generaliz-
ability.

1 Introduction

Colorectal Cancer (CRC) is the third most common cancer type and the sec-
ond leading cause of cancer-related deaths. Around 95% of cases arise from the
⋆ These authors contributed equally to this work.
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Fig. 1: Illustration of the variability of PolypGen [1] samples across different
centers. Blue highlights chromoendoscopy samples, with arrows indicating other
segmentation challenges, such as varying lighting and device-related labels.

development of polyps in the colon or rectum, which, if undetected, can lead
to cancer [11]. Colonoscopy is the gold standard for polyp detection, but the
resemblance of polyps to normal tissue makes diagnosis challenging, particularly
for less experienced operators. Additionally, operator-dependent factors, such as
colonoscope speed, can lead to missed detections [28]. As a result, automatic
polyp segmentation has been extensively researched to enhance polyp detection
and patient outcomes [29].

The introduction of U-Net [22] significantly advanced medical image segmen-
tation and inspired numerous general [5,31] and polyp-specific [19,21,29] CNN-
based approaches. To reduce the need for task-specific designs, nnU-Net [12]
introduced a self-configuring framework applicable across datasets. Neverthe-
less, specialized architectures such as UM-Net [8], currently state-of-the-art for
polyp segmentation, continue to be proposed to improve performance. In par-
allel, transformer-based models have gained popularity due to their ability to
capture long-range contextual information [16,26].

Despite these advances, generalization remains a major challenge. Colonoscopy
data is inherently heterogeneous, varying across acquisition devices, patient pop-
ulations, imaging protocols, and lighting conditions [27] (see Fig. 1). Thus, mod-
els often learn spurious correlations and rely on non-clinically relevant features,
leading to performance degradation when applied to unseen domains [10,18].
While transfer learning and domain adaptation might mitigate these issues, they
require large annotated datasets, which are costly to obtain [30].

In contrast, Self-Supervised Learning (SSL) has emerged as a promising alter-
native, enabling the learning of robust representations without labeled data [13,25].
In particular, Distillation with No Labels (DINO) [3], combined with Vision
Transformers (ViTs) [7], has shown strong performance in representation learn-
ing. While most approaches rely on token representations for downstream tasks,
the self-attention mechanism also produces auxiliary representations. Notably,
the “key” features have been shown to capture more object-centric and spatially
consistent information, suggesting potential benefits for generalization [2]. Re-
cent foundation models for medical image segmentation, such as MedSAM [17],
have demonstrated impressive generalization by leveraging large-scale pretrain-
ing. However, these approaches typically rely on geometric prompts (e.g., bound-
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ing boxes or point clicks) at inference time, assuming some form of user interac-
tion. In contrast, we focus on fully automatic segmentation under domain shift,
where no prompts are available at test time. This setting is particularly relevant
for scalable clinical deployment. We therefore investigate whether strong gener-
alization can emerge from self-supervised representations alone, without relying
on interactive inference or complex task-specific architectures, thereby isolating
the role of representation quality in generalization.

Motivated by the spatial consistency and object-centric properties of DINO
“key” features, we investigate their use for fully automatic polyp segmentation
under domain shift. We show that frozen representations achieve performance
similar to that of specialized architectures, while supervised fine-tuning enhances
this further, yielding state-of-the-art results with strong generalization, espe-
cially in data-scarce scenarios. We analyze multiple DINO variants, showing
that advances in self-supervised learning improve cross-domain performance.

The main contributions of this work are: (1) a simple segmentation framework
based on DINO ViT “key” features, avoiding complex task-specific architectures;
(2) a study of frozen and fine-tuned DINO representations under Domain Gen-
eralization (DG) and Extreme Single Domain Generalization (ESDG), demon-
strating robustness in data-scarce settings; (3) a comparison of DINO variants,
analyzing the impact of representation learning on downstream performance.

2 Materials and Methods

2.1 Data

PolypGen [1] is a multi-center colonoscopy dataset collected from six hospitals
with distinct demographics. It contains 3,762 annotated images, both sequence
and single-frame, all validated by six senior gastroenterologists. We focus on the
single-frame subset, which contains 1,537 samples distributed across institutions
as follows: C1: 256, C2: 301, C3: 457, C4: 227, C5: 208 and C6: 88. Within
each center, data were partitioned at the patient level, ensuring that images from
the same patient were not shared across splits.

This dataset enables evaluation of segmentation generalization across mul-
tiple centers, exhibiting substantial heterogeneity. As shown in Fig. 1, images
contain device-related annotations and vary in lighting and blur, while the in-
clusion of chromoendoscopy samples [24] further increases variability. This makes
it a challenging benchmark that more accurately represents real-world clinical
deployment.

2.2 Self-Distillation with No Labels (DINO)

DINO [3] is a self-supervised learning framework that learns visual represen-
tations without labeled data through a teacher–student distillation paradigm.
Given multiple views of the same image, the student network is trained to
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match the teacher’s output representations, enabling the emergence of semanti-
cally meaningful features. When applied to Vision Transformers (ViTs) [7], this
approach has been shown to yield robust representations [3,20].

In Vision Transformers, images are represented as sequences of patch tokens
that interact through self-attention. This mechanism produces intermediate rep-
resentations—queries, keys, and values—that encode relationships between im-
age regions and can be interpreted as patch-level descriptors for dense prediction
tasks. Prior work has shown that self-supervised ViT representations exhibit
strong semantic and spatial properties, capturing well-localized object parts at
high resolution [2,3]. Among these attention representations, “keys” have been
shown to produce cleaner patch-level similarity patterns, making them suitable
for tasks requiring spatial correspondence, such as segmentation [2].

Motivated by these findings, we leverage “key” representations from the final
attention layer of the ViT as patch-level descriptors for polyp segmentation. To
study the effect of representation choice and pretraining, we evaluate multiple
representation extraction strategies across different DINO variants, including DI-
NOv1 [3], DINOv2 [20], and DINOv3 [23]. For DINOv2, we additionally consider
variants with register tokens [6], which improve representation quality and sta-
bility. This enables us to analyze how both representation type and pretraining
advances influence downstream segmentation performance.

2.3 Proposed Model

Fig. 2 illustrates the proposed architecture, which consists of a DINO-pretrained
Vision Transformer (ViT-S) feature extractor followed by a CNN-based decoder.

Following prior work on self-supervised ViT representations [2], we extract
the “key” descriptors from the self-attention module of the final transformer
layer. These representations provide patch-level descriptors that capture seman-
tic structure and spatial relationships. The extracted features are then passed
through a projection layer, mapping the 384-dimensional embeddings to 1024
channels to bridge the transformer and convolutional decoder.

The decoder consists of five blocks. The first four blocks perform double con-
volution, progressively refining the feature maps. To generate the segmentation
mask, the last block uses pointwise convolution and bilinear upsampling.

We intentionally adopt a simple architecture, using a small ViT backbone and
a lightweight decoder, to focus on the impact of the extracted representations.

2.4 Baselines

To validate the effectiveness of our approach, we compare it with U-Net [22],
nnU-Net [12], and UM-Net [8]. U-Net is a lightweight reference baseline with
similar CNN-based blocks to our decoder. nnU-Net is a self-configuring frame-
work that automatically adapts its architecture, preprocessing, and training to
the dataset, and is widely regarded as a strong benchmark across medical seg-
mentation tasks [9,12]. UM-Net is a recent state-of-the-art method for polyp
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Fig. 2: Model architecture for polyp segmentation using DINO ViT “key” fea-
tures. H, W and C represent the height, width and number of channels, respec-
tively. 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 de-
coder, which generates the final segmentation mask.

segmentation that combines multi-scale context modeling, boundary refinement,
and task-specific training strategies, including specialized loss functions and a
color-based augmentation. Due to its architectural complexity and strong per-
formance, it represents a particularly challenging baseline for this task.

2.5 Implementation details

For all experiments, we use DINO-pretrained ViT-S backbones (DINOv1, DI-
NOv2, and DINOv3) with a stride of 50% of the patch size. We evaluate both
frozen and fine-tuned configurations of the ViT extractor. Input images are re-
sized to 224×224 and normalized. Training augmentations include random flips,
rotations (up to 45◦), and color jittering. UM-Net additionally uses the authors’
color transfer, while nnU-Net follows its own preprocessing pipeline. Models are
trained on an NVIDIA RTX8000 for 300 epochs with Adam [15] (batch size 4,
learning rate 1× 10−5), selecting checkpoints by maximum validation DSC. All
models use the Dice loss, except UM-Netloss, which follows [8].



6 C. Monteiro et al.

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(A) 67.9213.71 66.0017.63 96.980.55 60.503.82 62.213.45 95.500.84

ProposedV2(A) 72.7111.98 69.4815.67 97.300.60 66.002.88 66.601.63 96.190.46

ProposedV2R(A) 71.9813.02 69.2214.43 97.250.76 64.310.96 67.954.25 95.800.48

ProposedV3(A) 70.4213.51 67.6017.76 97.380.68 63.533.92 69.503.49 95.421.13

ProposedV1(B) 71.8513.04 69.3217.28 97.100.86 64.284.17 68.502.29 95.790.69

ProposedV2(B) 71.8813.04 71.3816.94 97.071.26 66.195.16 70.611.92 95.790.88

ProposedV2R(B) 76.3412.13 72.0617.13 97.710.79 70.922.83 73.172.93 96.580.49

ProposedV3(B) 79.888.98 75.7114.88 97.910.78 73.473.27 76.513.93 96.900.37

Table 1: Domain Generalization (DG) and Extreme Single Domain Generaliza-
tion (ESDG) test results represented as (100 × avg)100×std. Best performance
per column is depicted in bold, and second best is underlined.

2.6 Generalization Assessment and Statistical Analysis

We evaluate all models under two protocols designed to assess generalization
across clinical centers with varying distribution shifts [4]. In the Domain Gen-
eralization (DG) setting, models are trained on five centers and evaluated on
the held-out center, following a leave-one-domain-out protocol. In the Extreme
Single Domain Generalization (ESDG) setting, models are trained on a
single center and evaluated on the remaining five, simulating data-scarce deploy-
ment scenarios with strong distribution shifts. To ensure rigorous evaluation, we
assess the statistical significance of DSC differences across all experiments. We
apply the Friedman test to compare all models and the Wilcoxon signed-rank
test for pairwise comparisons, using the per-fold average DSC values. For both
DG and ESDG, six-fold-level observations per model were used.

3 Results

We present the results in Table 1, using Accuracy, Recall, and DSC as evalu-
ation metrics. Proposed variants are denoted by their DINO version (V1, V2, or
V3), the presence of register tokens (R), and whether the ViT extractor is kept
frozen (A) or fine-tuned (B). Note that R is omitted for V3, as register tokens
are included by default in this version.

The proposed model achieves the best overall performance across both DG
and ESDG settings, with the largest gains in the more challenging ESDG setting.
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Notably, our approach maintains strong performance even in highly data-scarce
scenarios (e.g., center 6 with 88 samples), highlighting its robustness under se-
vere distribution shifts. We also observe consistent improvements across DINO
variants, with the largest gains associated with the introduction of registers
in DINOv2. Among the baselines, U-Net shows a substantial performance drop
from DG to ESDG, indicating limited generalization. Surprisingly, nnU-Net does
not substantially surpass U-Net in the DG tests; however, it does demonstrate
superior generalization. Out of the baselines, UM-Net variants demonstrate the
strongest generalization. Importantly, of the proposed versions, the frozen vari-
ant already performs comparably to UM-Net. Fine-tuning further improves per-
formance in later DINO versions, consistently achieving the best results across
all settings. The proposed model also exhibits the smallest relative performance
drop from DG to ESDG (≈ 7–11%), compared to ≈ 37% for U-Net, ≈ 20% for
nnU-Net and ≈ 12–15% for UM-Net variants, highlighting its improved robust-
ness to domain shifts.

The Friedman test (α = 0.05) performed on the DSC across DG and ESDG
folds yields p-values of 3.99 × 10−8 and 1.44 × 10−8, respectively, suggesting
that there is at least one model showing statistically significant improvements.
Pairwise Wilcoxon tests further confirm the statistical significance of most im-
provements of the proposed variants over baseline methods.

While nnU-Net does not show significant improvements over U-Net in the DG
setting, gains are observed in ESDG. For UM-Net, no substantial differences are
found between the base model and its standard variant, whereas incorporating
the full loss formulation leads to improved performance in DG tests.

For the proposed approach, the strongest variants V2R(B) and V3(B) consis-
tently outperform all baselines and other variants with significant gains. Earlier
variants, V1 and V2 improve over U-Net and nnU-Net but do not consistently
surpass UM-Net. While V2 does not yield clear improvements over V1, the inclu-
sion of register tokens leads to noticeable gains in the fine-tuned setting. Overall,
advances in DINO pretraining, combined with register tokens and fine-tuning,
contribute to the best performance.

For most models, fine-tuning improves performance in DG tests, while it
does not lead to meaningful gains in ESDG tests, suggesting that self-supervised
pretraining yields representations that are highly generalizable and well-aligned
with the segmentation task. V2R and V3 are exceptions, demonstrating signifi-
cant improvements with fine-tuning in both evaluations.

To isolate the effect of representation choice, Table 2 compares attention com-
ponents across DINO variants in the fine-tuned setting on a single-center dataset.
“Key” features achieve the highest DSC in three of four variants, with V2 being
the only exception, where “value” performs marginally better. This consistent
pattern supports the use of “key” representations as patch-level descriptors, in
line with prior work [2].

Beyond segmentation accuracy, computational efficiency is critical for clini-
cal integration. All proposed variants achieve inference times below 21 ms, well
within the 33 ms threshold required for real-time colonoscopy video processing
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Facet V1(B) V2(B) V2R(B) V3(B)

Token 87.38 91.08 92.83 91.31
Query 87.85 91.20 92.44 91.89
Key 88.39 90.56 93.15 92.48
Value 87.56 91.50 92.14 91.89

Table 2: Facet ablation DSC results. Best per version in bold.

Original Image U-Net nnU-Net V1(B) Ground TruthUM-Net loss V2(B) V2R(B) V3(B)V2R(A) V3(A)

Fig. 3: Qualitative ESDG results of the baselines and variations of the proposed
pipeline. Predictions and ground truth (GT) are overlaid in yellow.

at 30 FPS [14]. In contrast, UM-Net and UM-Netloss require over 27 ms per infer-
ence. Training times are also favorable: our variants consistently train faster than
the baselines, despite achieving superior performance. This efficiency, combined
with state-of-the-art generalization, makes the proposed framework particularly
well-suited for deployment in resource-constrained clinical settings.

Qualitative results from the ESDG setting (Fig. 3) highlight these differ-
ences under challenging conditions, including device-related artifacts, chromoen-
doscopy, and miniature polyps. U-Net performs the worst, often missing polyps.
While nnU-Net improves detection, it struggles with more complex cases. UM-
Net is more robust but yields less precise segmentations. In contrast, the pro-
posed variants yield more accurate and consistent predictions, particularly for
small and challenging lesions, with V2R(B) and V3(B) demonstrating the most
robust performance. These observations align with the quantitative results.

4 Conclusions

We investigate DINO ViT “key” features for polyp segmentation across heteroge-
neous clinical settings. Our results demonstrate state-of-the-art generalization,
with the strongest variants achieving DSC improvements of up to 10.25 DSC
points over UM-Netloss in the challenging ESDG setting, while exhibiting the
smallest performance drop across domains (≈7–11% vs. ≈37%, ≈20% and ≈12–
15% for U-Net, nnU-Net and UM-Net, respectively). Frozen features alone are
already competitive with task-specific architectures, highlighting that represen-
tational quality, rather than architectural complexity, is the primary driver of
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generalization. Within most DINO versions in data-scarce scenarios, the perfor-
mance gap between frozen and fine-tuned variants is not statistically significant,
with V2R and V3 being a notable exception. These findings establish a case
for simple, pretrained-representation-based frameworks as a robust and com-
putationally efficient alternative to specialized architectures in medical image
segmentation.

Future work will focus on extending this approach to video segmentation,
where real-time inference is required. Notably, all proposed variants already meet
the computational constraints for colonoscopy videos, achieving inference times
below 21 ms, well within the 33 ms threshold for real-time processing at 30 FPS.
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