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PrysmNet a polyp refining system using
salience and multimodal guidance for
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Colorectal cancer prevention benefits from accurate and reproducible polyp segmentation, yet cross-
domain generalization and boundary precision remain challenging in real-world deployments. We
propose Prysm-Net, a ViT-based framework designed to address these issues through architectural
innovation and advanced training guidance. Our model is augmented with a biologically inspired
salience module (BSM) that dynamically sharpens boundary-relevant features. To further enhance
robustness without increasing inference costs, we introduce two training-only strategies: (i)
foundation-model distillation from SAM, which transfers knowledge at the output, boundary, and
feature levels, and (ii) multi-modal guidance that injects auxiliary structural and textural cues via gated
cross-attention. Extensive experiments on standard in-domain benchmarks and challenging cross-
domain datasets demonstrate that Prysm-Net achieves superior segmentation accuracy and robust
generalization compared to state-of-the-art methods, all while maintaining a lightweight inference

process by disabling auxiliary guidance at test time.

Colorectal cancer (CRC) is a leading cause of cancer mortality
worldwide, and most CRC cases develop from benign colorectal polyps
over time'. Early detection and removal of polyps during colonoscopy
can drastically reduce CRC incidence and mortality™’. Colonoscopy is
the gold standard for polyp screening and intervention, but it remains a
highly operator-dependent procedure. In practice, the diversity of
polyp shapes, sizes, and appearances makes some lesions (especially
diminutive or flat polyps < 10 mm) easy to miss or difficult to delineate
accurately™’. Studies report that roughly 17-28% of polyps may be
missed even by experts during colonoscopy exams™’. Precise seg-
mentation of polyps can assist endoscopists by highlighting lesion
boundaries for complete resection and by reducing inter-observer
variability. However, producing pixel-accurate polyp masks is labor-
intensive and costly, as it requires expert manual annotation™. This
creates a strong motivation for automated, high-accuracy polyp seg-
mentation methods to improve early CRC prevention and alleviate
clinical workload”.

Over the past few years, deep-learning-based polyp segmentation
methods have achieved remarkable in-domain performance on standard
datasets. In controlled evaluations, many models report high mean Dice
scores (often 0.85-0.95) on popular benchmarks”™®, Nevertheless, a critical
gap remains between such in-domain success and real-world generalization.
Most existing approaches are trained and tested on data from the same
domain and implicitly assume similar distributions, an assumption that
breaks down in clinical deployment. In practice, factors like different
endoscopy centers, imaging devices, patient populations, and bowel pre-
paration protocols lead to distribution shifts that can significantly degrade
model performance™. For example, models that approach near human
accuracy on seen datasets often plummet to Dice scores around 0.6-0.7 on
unseen datasets such as the recent multi-center PolypGen collection™".
Moreover, certain challenging polyp cases remain problematic: small polyps
occupying only a tiny fraction of the frame and polyps with faint or blurred
boundaries are frequently segmented poorly by current models*''. These
observations underscore the need for new research focusing not only on
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maximizing in-domain metrics, but also on ensuring robust out-of-domain
performance and explicit handling of hard cases (e.g., diminutive or weak
boundary lesions)"”.

In this paper, we address these gaps by proposing PrysmNet (a Polyp
Refining sYstem with Salience and Multi-modal guidance), a comprehen-
sive solution for reproducible cross-domain polyp segmentation. Our
approach combines architectural innovation with advanced training stra-
tegies to improve generalization, especially for small and boundary-
challenged polyps. Our contributions are presented along two main axes:

1. An architectural innovation: A biologically inspired salience module
(BSM) that mimics the feature amplification mechanisms of the
human visual cortex to dynamically enhance features along lesion
boundaries. The BSM employs a learnable multi-scale edge and texture
filter bank to compute saliency maps that gate and amplify features,
forcing the network to allocate more computational resources to
critical ~ boundaries ~ and  resulting  in  significantly
sharper segmentation masks.

2. An advanced training guidance strategy: This strategy combines two
synergistic mechanisms: (a) a multi-level foundation model distillation
module (FMDM) that transfers both output-level and feature-level
knowledge from SAM using temperature-scaled KL divergence and
representational similarity, and (b) a multi-modal guidance module
(MGM) that uses self-generated auxiliary structural and textural
information to create a more invariant feature representation through
cross-attention mechanisms.

Early research on automatic polyp segmentation was constrained by
limited data, with algorithms often evaluated on small single-center datasets.
Notable early benchmarks include CVC-ClinicDB (612 colonoscopy images
with polyp masks)" and Kvasir-SEG (1000 images)', which provided a
valuable testbed but cover a narrow distribution of imaging conditions.
Models trained and tuned on one benchmark sometimes showed decreased
performance when tested on another, hinting at dataset bias. To improve
comparability, some studies adopted combined training sets or reported
cross-dataset results (e.g., testing a model trained on Kvasir-SEG/CVC on
the ETIS-LaribPolypDB dataset)®. However, until recently, there was no
standardized protocol for cross-domain evaluation, making it difficult to
assess true generalizability. As a result, many publications have reported
only in-domain metrics, which do not guarantee real-world clinical
reliability.

Recognizing these issues, the community has moved toward more
comprehensive evaluation frameworks. Bernal et al."” emphasized the lack
of a common validation standard and released a complete benchmark
covering detection, segmentation, and classification tasks, including con-
siderations of execution speed and robustness. Meanwhile, multiple chal-
lenge competitions (MICCAI EndoScene, GIANA, etc.) and the EndoCV
series have encouraged participants to test algorithms on hidden multi-
center test sets. Ali et al." recently organized a polyp detection and seg-
mentation challenge using a large multi-center dataset, demonstrating that
methods with top in-lab accuracy often struggled on diverse “unseen”
colonoscopy data. In parallel, new datasets have emerged aimed at assessing
generalization. PolypGen, introduced by Ali et al?, is a prime example: it
consists of 3762 images from six different centers with expert annotations,
expressly designed to evaluate algorithm performance across varying patient
populations and imaging devices. The introduction of PolypGen and similar
multi-center datasets is a significant step toward benchmarking real-world
performance. In this work, we build on these efforts by proposing a cross-
domain evaluation protocol that uses combined source training and held-
out diverse test sets, enabling a reproducible assessment of how segmen-
tation models generalize beyond their training distribution.

Convolutional neural networks (CNNs) have formed the backbone
of most polyp segmentation methods to date. The seminal U-Net
architecture'® and its extensions (such as U-Net++'"" and ResUNet++'%)
were early choices, owing to their ability to capture multi-scale context

through encoder-decoder designs. Numerous specialized CNN variants
have been proposed to boost segmentation accuracy. For instance, Fan
et al’s PraNet’ introduced a parallel reverse attention mechanism to pro-
gressively refine predictions and achieved state-of-the-art results on Kvasir-
SEG and CVC-ClinicDB. Similarly, DoubleU-Net and other cascaded
architectures stack multiple decoder stages to improve segmentation quality
on difficult regions”. These CNN-based approaches effectively leverage
local spatial features and have demonstrated high precision under favorable
conditions.

A key consideration for practical deployment, however, is model effi-
ciency. Colonoscopy is a real-time procedure, so inference speed and model
size are critical. Many high-performing CNN models use complex decoder
paths or heavy backbones (e.g., ResNet-101), which can hinder real-time
performance. Recent research has thus explored lightweight networks that
sacrifice minimal accuracy while greatly improving efficiency. For example,
Yu et al.* proposed HarDNet-CPS, which uses a Harmonic Densely Con-
nected backbone known for its low computational cost, combined with
multi-scale feature fusion. Their model surpassed 0.90 mean Dice on CVC-
ClinicDB and Kvasir-SEG while being faster and more compact than many
predecessors. Dumitru et al.” presented DUCK-Net, an efficient CNN with a
custom convolutional kernel and residual downsampling; notably, it
achieved competitive accuracy even when trained on relatively small data-
sets. In general, there is a trend toward lighter architectures that maintain
strong segmentation performance. Such models, often integrating attention
or efficient blocks, are better suited for clinical integration where memory
and processing time are limited”’. Our work follows this trend by proposing
a new model enhanced for generalization, ensuring that improved robust-
ness does not come at the cost of impractical model complexity.

Vision transformers have recently gained popularity in medical image
segmentation, including for colonoscopic polyps, due to their strength in
modeling long-range dependencies. Several transformer-based polyp seg-
mentation models have been introduced, often demonstrating top-tier
accuracy. For example, researchers have applied the Pyramid Vision
Transformer (PVT) as an encoder in a cascade architecture’’, and others
developed specialized transformer networks like CTNet” and Polyp-
Transformer” to capture global context. These transformer-driven
approaches have achieved new state-of-the-art results on standard polyp
datasets, frequently outperforming pure CNN models in terms of Dice and
IoU metrics. The ability of transformers to attend globally is particularly
useful for colonoscopy images, which may contain complex backgrounds
and widely separated object regions.

However, transformers also introduce challenges. By design, self-
attention layers are computationally intensive, and dense global attention
can miss subtle local details (e.g., fine texture or edges) that CNN kernels
capture well. Polyp segmentation methods purely based on transformers
sometimes produce overly smooth masks, lacking the precision on
boundaries that CNN-based methods can provide. To address this, a
number of hybrid architectures have been proposed that combine CNN and
transformer components. These aim to harness the strengths of each: CNNs
excel at high-frequency local feature extraction, while transformers con-
tribute global awareness. He et al.” designed CTHP, a CNN-Transformer
Hybrid Polyp segmentation model, which processes feature maps with both
convolution and self-attention in parallel. By introducing a more efficient
attention mechanism and a new information propagation module, their
hybrid model achieved competitive accuracy with significantly reduced
computation. Similarly, another work proposed TransFuse, fusing a
transformer branch and a CNN branch in the decoder to improve both
global coherence and boundary clarity*. The success of such hybrids sug-
gests that local and global feature representations are complementary for
polyp segmentation. Recent transformer-based polyp segmentation meth-
ods, such as Polyper” and Polyp-PVT*" focus primarily on global context
modeling and multi-scale feature fusion, but do not explicitly enforce
boundary supervision or leverage training time foundation model distilla-
tion. In contrast, our PrysmNet distinguishes itself by: (i) incorporating a
dedicated Biologically Inspired Salience Module (BSM) that explicitly
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supervises boundary detection and refines features at critical boundary
regions, and (ii) employing training-only guidance strategies (SAM dis-
tillation and multi-modal fusion) that improve generalization without
increasing inference cost. This boundary-focused approach, combined with
foundation model knowledge transfer, addresses the specific challenges of
cross-domain generalization and small/weak boundary polyp segmentation
that remain problematic in pure transformer architectures. Our work
leverages a Vision Transformer backbone for its powerful global context
modeling, augmented with specialized modules to enhance local details and
boundary precision, thereby combining the strengths of both paradigms.

Given that the most clinically significant failures are missing a small
polyp or inaccurately segmenting a lesion’s boundary (which can lead to
incomplete resection), researchers have devoted effort to methods targeting
these specific challenges. Boundary-aware segmentation is a recurring
theme. Many models have been augmented with explicit edge detection or
boundary refinement modules. For instance, PraNet’s reverse attention
mechanism effectively acts as a boundary refiner by learning from predic-
tion errors at the object edges’. Other approaches add a dedicated branch to
predict polyp contours or boundary pixels alongside the primary segmen-
tation mask’, enforcing the network to learn sharp transitions between
polyp and background. Techniques like contour loss or boundary-enhanced
loss functions have also been shown to improve the delineation of polyps
with indistinct borders.

Small polyp segmentation is equally challenging, as tiny polyps often
occupy only a few hundred pixels in an image and can be easily overlooked.
Data imbalance exacerbates this: large polyps dominate the training signal,
potentially biasing models. To combat this, prior works have employed hard
negative mining and data augmentation, focusing on small polyps. For
example, some studies synthetically enlarge small polyp regions or over-
sample images containing small polyps during training”. Ali etal.” note that
models in their generalization challenge struggled especially with diminu-
tive polyps, suggesting that specialized handling is needed. A few methods
introduce multi-scale feature pyramids or super-resolution modules to
ensure even tiny polyps can be recognized in high-resolution feature maps™.
Yu et al.’ emphasized edge information to avoid merging nearby small
polyps. Despite these advances, small and low-contrast polyps remain a
difficult corner case for most algorithms. Our proposed approach addresses
this by including small polyp-aware training (through oversampling and
hard example emphasis) and by embedding boundary priors directly into
the model’s design.

The advent of powerful foundation models for segmentation has
opened new avenues for medical image analysis. In particular, Meta AI's
segment anything model (SAM)” demonstrated a prompt-driven seg-
mentation capability on a broad range of natural images. SAM is trained on
over a billion masks and is designed to generalize to virtually any image
distribution. Early investigations show that SAM’s zero-shot outputs on
endoscopic images are reasonable for prominent polyps but often miss small
or flat lesions, likely due to the domain gap™. Simply applying SAM off-the-
shelf in colonoscopy can yield under-segmentation or over-segmentation,
especially when multiple irregular blobs confuse its prompt mechanism.

Researchers have approached this challenge by adapting or incorpor-
ating SAM for polyp tasks. One direction is fine-tuning SAM on medical
data. For example, a “MedSAM” model tuned on diverse medical images has
been reported to improve segmentation performance on colonoscopy
frames”. Wang et al. proposed PSE-SAM, an efficient fine-tuning strategy
that mitigates catastrophic forgetting while boosting SAM’s performance in
few-shot polyp segmentation scenarios’. Another direction keeps SAM
frozen but uses it to assist a smaller polyp-specific model. Dutta et al."
introduced SAM-MaGuP, which integrates SAM’s image encoder with a
lightweight adapter and a boundary-distillation module. Similarly, Zhang
et al. proposed SAM-EG, where SAM provides initial masks that are then
refined by an edge-guided network tailored for polyps. In weakly supervised
settings, Zhao et al. introduced a collaborative learning scheme where SAM-
generated masks from scribble inputs guide a student polyp segmentation
network™. Overall, the integration of foundation models like SAM is a

promising trend. Our work aligns with this trend by using SAM in the
training loop to provide multi-level guidance, resulting in a more robust
segmenter without requiring SAM at inference time.

Robust cross-domain polyp segmentation has been pursued via both
data-level and model-level strategies. Data-level approaches aim to augment
or modify the training data such that the model learns domain-invariant
features. A common technique is style augmentation: randomizing image
appearance (colors, contrasts, noise) to mimic the variability between dif-
ferent clinics’ data. Poudel and Lee introduced a feature space style con-
version module that transfers diverse textures and illuminations into
training images'’.

On the model-level side, one line of work is unsupervised domain
adaptation (UDA), where a model adapts to an unlabeled target domain.
Yang et al.” proposed a mutual prototype adaptation framework using self-
training with pseudo-labels on target images and introduced a contrastive
adaptation approach that pulls the source and target feature distributions
together. Beyond UDA, domain generalization (DG) algorithms attempt to
train a model that generalizes to any unseen domain. Approaches in DG
include using multiple source domains with techniques like domain-specific
batch normalization or adversarially learned domain invariant features™.
Federated learning frameworks have also been explored, where a model is
trained collaboratively on data from multiple hospitals without centralizing
the data™.

Finally, hard example mining and curriculum learning have proven
useful in the context of generalization. By identifying and up-weighting
difficult training examples, the model can progressively become immune to
failures on those types of inputs™. In polyp segmentation, this might involve
mining frames where the model missed a small polyp or had a large false
positive. Our proposed training paradigm leverages insights from these
works (e.g., style randomness, balanced sampling, and hard example
emphasis) to construct a training process that yields robust models.

Results

This section presents quantitative comparisons across a comprehensive
benchmark suite. To ensure a fair evaluation, we adopt rigorous protocols
tailored to each experimental setting. For in-domain benchmarks (Kvasir-
SEG, CVC-ClinicDB, ColonDB, EndoScene, and ETIS), models were
trained and evaluated on their respective datasets. In contrast, to rigorously
test cross-domain generalization, evaluation on the challenging ETIS-
LaribPolypDB dataset was performed using models trained exclusively on
the combined Kvasir-SEG and CVC-ClinicDB datasets, without any target-
domain tuning.

Reporting protocol and metric choices

Recent polyp segmentation papers consistently report mean Dice (mDice)
and mean Intersection-over-Union (mloU) as the primary metrics on
Kvasir-SEG, CVC-ClinicDB, and ETIS. In this work, we report mDice,
mloU, and Boundary F-measure (BF) to provide a comprehensive evalua-
tion of segmentation quality. All metrics are computed with a unified eva-
luation script (single-scale, no TTA, threshold 0.5). We report 95%
bootstrap confidence intervals to ensure statistical reliability.

In-domain performance comparison

We compare PrysmNet against state-of-the-art methods on standard in-
domain benchmarks, as summarized in Table 1. Regarding overall seg-
mentation quality, indicated by mDice and mIoU metrics, the proposed
framework exhibits strong capability in accurately localizing and seg-
menting polyp regions. This trend is observed not only on standard datasets
like Kvasir-SEG and CVC-ClinicDB but also extends to more challenging
scenarios, such as ColonDB and ETIS, which feature complex mucous
backgrounds and variable lesion contrasts. In addition to regional overlap,
the model shows notable strengths in boundary delineation, as reflected by
the Boundary F-measure (BF). The favorable results in this metric suggest
that the integration of the biologically inspired salience module (BSM)
effectively refines the structural details of the segmentation masks.
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All models were re-implemented and evaluated under a unified protocol. We report mDice, mloU, and BF (%) as well as model complexity (Params, M; FLOPs, G). Bold indicates the best performance.

same protocol. In inference, only the ViT backbone, decoder, and BSM are active; the training-time FMDM/MGM provide guidance only and are disabled at test.

Table 2 | Cross-domain generalization on ETIS-LaribPolypDB

Method Dice 1 loU 1 BF 1

U-Net 39.83 + g9 33.59 + g5 31.57 £ 1190
U-Net++ 40.12 £ g g 34.46 + 990 32.84 + 105
PraNet 62.83 + 965 56.78 £ g8 55.12 £ 975
PVT 78.76 £ 042 70.69 + g.45 72.36 + 055
HSNet 80.82 + o35 73.44 £ o 44 74.21 £ 050
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Allmodels are trained on Kvasir-SEG u CVC-ClinicDB and evaluated on ETIS with no target-domain
tuning. We report per-image mean Dice (mDice), mean loU (mloU), and Boundary F-measure (BF) in
% (higher is better). Bold indicates the best overall. Our metrics are computed with a unified script
(per-image Dice/loU at 0.5 threshold, single-scale inference).

Collectively, these results highlight the model’s robustness and its ability to
generate precise segmentation maps across diverse imaging conditions
compared to existing techniques.

Cross-domain generalization on ETIS-LaribPolypDB

We rigorously test the cross-domain generalization capabilities of our model
on the challenging ETIS-LaribPolypDB dataset. Following a strict protocol,
all models are trained on the combined Kvasir-SEG U CVC-ClinicDB
dataset and evaluated on ETIS.

The results are summarized in Table 2. Our proposed method,
PrysmNet (listed as “Ours"), achieves SOTA performance with a mean Dice
(mDice) of 88.12%, a mean IoU (mloU) of 79.93%, and a Boundary
F-measure (BF) of 79.77%. This surpasses the previous best published
method, Polyper, which obtained 86.55% mDice, 78.26% mlIoU, and 77.47%
BF under the same conditions. This represents improvements of +1.57
mbDice, +1.67 mIoU, and +2.30 BF over the next-best method, validating
our model’s ability to generalize to unseen data distributions and delineate
sharp boundaries more effectively than existing approaches.

Qualitative analysis

Figure 1 provides a visual comparison of PrysmNet against several state-of-
the-art methods on representative samples from both in-domain (Kvasir,
CVC-ClinicDB) and cross-domain (ETIS) datasets. We specifically select
challenging cases, including (i) diminutive polyps that are easily missed, (i)
lesions with weak or blurry boundaries that blend with the surrounding
mucosa, and (iii) images containing specular highlights or other visual
artifacts. As shown, earlier methods like PraNet may struggle with precise
boundary delineation. While recent Transformer-based models like
Polyper show improved structural consistency, our PrysmNet, empowered
by the BSM and advanced training guidance, often produces sharper and
more complete masks, particularly for the challenging cases of small and
faint polyps.

To better understand how different components of PrysmNet con-
tribute to its performance, we visualize the feature maps from various model
configurations in Fig. 2. We use Grad-CAM to highlight the regions the
network focuses on. As seen in Fig. 2a, the baseline model without BSM or
guidance produces diffuse attention maps. Adding the BSM (Fig. 2b)
sharpens the focus around the polyp boundary. The inclusion of FMDM
and MGM guidance further refines this attention, leading to a more con-
centrated and accurate localization in the full PrysmNet model (Fig. 2¢),
which corresponds to more precise segmentation results (Fig. 2d-f).

Despite its strong performance, PrysmNet has limitations, as shown in
Fig. 3. Quantitative analysis of failure modes on the test sets reveals that: (i)
over-segmentation due to specular highlights occurs in ~2.3% of Kvasir-
SEG and 1.8% of CVC-ClinicDB test samples, typically when highlights
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Fig. 1 | Qualitative comparisons on challenging cases from Kvasir-SEG (top row), CVC-ClinicDB (middle row), and the cross-domain ETIS dataset (bottom row).
PrysmNet demonstrates superior performance in delineating fine boundaries and capturing diminutive lesions compared to other methods.

Seg (w/o BSM) Seg (+BSM)

Fig. 2 | Visual ablation analysis with Grad-CAM. a-c show Grad-CAM attention
heatmaps for three configurations: a baseline (ViT backbone + U-shaped decoder;
without BSM/FMDM/MGM), b baseline -+ biologically-inspired salience module
(BSM), and c the full PrysmNet with BSM plus foundation-model distillation
(FMDM) and multi-modal guidance (MGM). d—f show the corresponding

Seg (+FMDM)

Seg (Full) Heatmap (Full) Ground Truth

(€) (f)

segmentation masks. Adding BSM sharpens boundary focus; adding FMDM and
MGM—used only during training—further consolidates localization, yielding
cleaner contours and more accurate masks, especially for diminutive or weak-
boundary polyps; the full model (c, f) performs best.

cover more than 15% of the frame area; (ii) false negatives for extremely flat
or isointense lesions affect ~1.5% of cases across all datasets, primarily when
polyp to background contrast is below 0.05 (normalized intensity differ-
ence); (iii) boundary errors (under-segmentation or over-segmentation)
occur in ~3.2% of cases, mostly for polyps smaller than 0.5% of image area.
The model can sometimes fail in extreme cases. For instance, it may over-
segment when encountering extensive specular highlights that mimic polyp
texture. Conversely, it can miss extremely flat or isointense lesions that have
virtually no contrast with the background mucosa. These failure cases, while
relatively rare, highlight the remaining challenges in automated polyp seg-
mentation and suggest avenues for future work, such as improved handling
of visual artifacts and temporal information from video colonoscopies.

Ablation study
To validate the effectiveness of the proposed components in
PrysmNet, we conduct a series of ablation studies. We start with a

baseline model and incrementally add our proposed modules. All
ablation experiments follow the same training protocol and are
evaluated on Kvasir-SEG, CVC-ClinicDB (in-domain), and ETIS
(cross-domain).

We first investigate the contribution of our main architectural and
guidance modules: the biologically inspired salience module (BSM), the
foundation-model distillation module (FMDM), and the multi-modal
guidance module (MGM). The baseline model consists of the ViT
backbone and a standard U-shaped decoder. As shown in Table 3, each
component brings a noticeable improvement. The BSM significantly
enhances performance, especially on the cross-domain ETIS dataset,
underscoring its role in improving boundary detection and general-
ization. The FMDM and MGM modules further boost the scores by
transferring valuable prior knowledge and enforcing feature invariance.
The full PrysmNet model, combining all components, achieves the best
performance across all datasets.
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Input

Prediction
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Fig. 3 | Failure modes on challenging colonoscopy frames. Columns (left to right):
false negative, false positive, under-segmentation, over-segmentation, and boundary
error. Rows: input image, model prediction, and ground truth mask. Over-

Under-segmentation

Over-segmentation Boundary Error

segmentation is typically triggered by strong specular highlights, whereas the false-
negative case corresponds to an extremely flat, low-contrast lesion that blends with
the surrounding mucosa.

Table 3 | Ablation study: contributions of Prysm-Net’s key components

Configuration Modules Kvasir-SEG CVC-ClinicDB ETIS

BSM FMDM MGM mbDice mloU mbDice mloU mDice mloU
ViT Baseline 88.55 87.81 92.10 86.95 81.33 73.15
Baseline + BSM v 92.89 89.42 93.65 88.78 84.51 76.52
Baseline + BSM + FMDM v v 94.52 90.15 94.21 89.60 86.10 78.11
PrysmNet (Full) v v v 95.14 90.93 94.98 90.31 88.12 79.93

Allvariants are trained under a unified protocol on Kvasir-SEG u CVC-ClinicDB; evaluation is conducted on Kvasir-SEG and CVC-ClinicDB (in-domain) and ETIS-LaribPolypDB (cross-domain). Metrics are
mDice/mloU (%; higher is better). “BSM” denotes the biologically inspired salience module; “FMDM” denotes multi-level foundation-model distillation; Prysm-Net (Full) additionally uses a training-only

multi-modal guidance module (MGM), which is disabled at inference.

We also analyze the effect of the auxiliary loss functions used for
training: the boundary supervision loss (Lyyg) for the BSM module and the
structural similarity loss (Lg;n). The base loss consists only of the seg-
mentation loss (Lg). Table 4 shows the results. Adding the explicit
boundary supervision (Ly,,g) provides the most significant gain, forcing the
BSM to learn semantically meaningful edge features and leading to sharper
predictions. The Ly loss offers a further marginal improvement by
encouraging perceptually coherent segmentation masks. The combination
of all losses yields the optimal result.

Summary

On in-domain data, recent hybrids (e.g., Polyper) reach ~94-96% Dice on
both Kvasir-SEG and CVC-ClinicDB, far above early CNNs (U-Net ~ 82%,
PraNet ~ 90%). On ETIS cross-domain tests, classic methods drop sharply
(PraNet Dice 62.8%), while modern transformer/SSM/diffusion models
achieve 78-87% Dice. Our approach targets this persistent generalization
gap with boundary-aware decoding and training-time guidance, and our
comprehensive ablations validate the effectiveness of each proposed com-
ponent in achieving state-of-the-art performance.

Table 4 | Ablation study on loss components

Loss Kvasir-SEG CVC-ClinicDB ETIS
configuration

mDice mloU mDice mloU mDice miloU
Lseg Only 91.13 84.65 91.88 86.01 81.34 71.20
Lseg+ Lona 93.95 88.66 93.70 89.03 84.95 77.25
Full loss 95.14 90.93 94.98 90.31 88.12 79.93

All models use the full Prysm-Net architecture, with identical training protocol and data sampling;
we report mDice (%)/mloU (%) on Kvasir-SEG and CVC-ClinicDB (in-domain) and ETIS (cross-
domain). Here, Lseq denotes the segmentation term (Soft Dice + two-class cross-entropy), Lpng is
the Dice-based boundary supervision computed on a one-pixel-wide ground-truth contour (for
BSM), and Lgsim is a structural-similarity regularizer; Full Loss corresponds t0 Lseg + Long + Lssim
(other hyperparameters at defaults). Results indicate that explicit boundary supervision delivers the
main gain, while adding Lgsim Yields a further marginal improvement.

Conclusion
We tackled the persistent challenges of cross-domain generalization, small
lesion recall, and boundary precision in polyp segmentation by proposing
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Fig. 4 | Overall architecture of PrysmNet. The model takes an RGB image,
potentially containing diminutive and weak-boundary lesions, as input. (Encoder)
The ViT backbone processes the image by dividing it into patches, which are linearly
projected into tokens. These tokens pass through a series of Transformer blocks,
each containing Multi-head Attention and an MLP, to capture global context.
(Decoder) A U-shaped decoder reconstructs the segmentation mask from multi-

scale features {1/32, 1/16, 1/8, 1/4}. Skip connections merge features from the
encoder. The core innovation, the biologically inspired salience module (BSM), is
integrated into the decoder to refine features, especially along polyp boundaries,
producing an explicit boundary supervision signal S. During training, an advanced
guidance strategy provides auxiliary edge/texture cues, which are disabled at infer-
ence. The final output is a refined segmentation mask Y.

PrysmNet. Our model utilizes a ViT backbone to capture global context and
augments the decoder with a biologically inspired salience module to
dynamically emphasize boundary-relevant features. To enhance robustness
without increasing inference costs, we leveraged multi-level foundation
model distillation and multi-modal guidance during training. These stra-
tegies effectively transfer structure, texture priors, and foundation-model
knowledge, while all guidance branches are removed at inference to
maintain a lightweight deployment path. Our comprehensive evaluation
across in-domain and cross-domain protocols demonstrates the effective-
ness of this approach.

Our experiments provide several key takeaways regarding the model’s
performance and design. Explicit boundary supervision on the final decoder
scales yields sharper contours and consistently improves segmentation
metrics for weak boundary and small lesion cases with minimal overhead.
Furthermore, training time guidance from foundation models and auxiliary
modalities promotes domain-invariant representations, which are crucial
for multi-center data. We also found that maintaining train-test consistency
via annealing the multi-modal guidance weight to zero avoids modality shift
during testing. Additionally, data strategies such as small-polyp over-
sampling and Fourier amplitude mixing proved to be simple yet reusable
tools for enhancing recall and robustness.

Despite its strong performance, the proposed method has certain
limitations and risks. Quantitative analysis reveals that extremely tiny or
nearly isointense lesions can still be missed, affecting ~1.5% of test cases.
Future work will focus on bridging the gap towards clinical integration.
Specifically, we aim to leverage the model’s precise boundary delineation to
assist endoscopists in defining optimal resection margins. We also plan to
investigate the deployment of our lightweight model on endoscopic hard-
ware to provide real-time, intraoperative decision support without dis-
rupting clinical workflows.

Methods

Our objective is to develop a polyp segmentation model that not only excels
in in-domain evaluations but also generalizes robustly to unseen clinical
environments, with special emphasis on diminutive and weak boundary

lesions. We propose PrysmNet (a P olyp-r efining sy stem with S alience and
M ulti-modal guidance), which consists of: (i) a Vision Transformer (ViT)
backbone plus a boundary-centric refinement block, the biologically
inspired salience module (BSM) and (ii) an advanced training-time guidance
that transfers knowledge from a foundation model (SAM) and injects
auxiliary edge/texture cues. The guidance modules are disabled at inference,
preserving a lightweight test-time path (see Fig. 4).

Problem setup and notation

Let the training set be 7 = {(I", Y(”))};\’:I, where I € RE*W>3 5 an
RGB colonoscopy frame and Y € {0, 1}"*"is a binary polyp mask. Masks are
merged into a single foreground channel for training unless specified. We
transform Y to two-class one-hot Y e {0, 1}*"2, where the second
channel denotes foreground. The segmentation head outputs two-channel
logits Z® € RP*W*2 yith Y = softmax(Z®) and the foreground
probability ?fg = Y[:,:, 1]. Symbols used throughout are summarized in
Table 5.

Backbone and decoder overview

We employ a ViT-B/16 backbone (patch size 16) pre-trained on ImageNet-
21k, chosen for its strong global context modeling. Image tokens are
reshaped back to multi-scale feature maps via a lightweight pyramid pro-
jection to {1/32, 1/16, 1/8, 1/4} spatial scales.

A U-shaped decoder progressively upsamples features with bilinear
interpolation; skip connections fuse {1/32,1/16, 1/8, 1/4} scales via 1 x 1 and
3 x 3 convolutions. BSM blocks (Fig. 5) are attached to the last two decoder
stages to explicitly sharpen boundaries where spatial detail is richest. The
segmentation head is a 3 x 3 conv followed by a 1 x 1 conv, producing two-
channel logits Z°.

Architectural innovation: biologically inspired salience

module (BSM)

Polyp boundaries can be faint, blurry, or partially occluded. The human
primary visual cortex (V1) addresses similar challenges through highly
tuned responses to local contrast, orientation, and frequency. We
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operationalize this inspiration with a learnable multi-scale filter bank that
emphasizes boundary-relevant signals and a residual amplification gate that
selectively boosts such signals in the decoder (see Fig. 5, left panel).

Given decoder feature F € R*"*C BSM computes a salience map

o)

where Convgdx) 5 are dilated convolutions with dilation rates d € {1, 2, 3, 4}
using “same” padding, the bracket denotes channel-wise concatenation, and
o is the Sigmoid. The choice of dilation rates {1, 2, 3, 4} was determined
through preliminary experiments comparing {1, 2}, {1, 2, 3}, and {1, 2, 3, 4,
5}; the four-scale configuration (d € {1, 2, 3, 4}) provided the best balance
between boundary sensitivity and computational efficiency, capturing fine
edges (d=1) as well as broader context (d=4) relevant for polyp

x O

S=o0 (Conv1X1 ([Convgd:;) (F),... ,Convgdx:;)

Table 5 | Key symbols and operations

Symbol Meaning
F e RH*WxC Decoder feature map at a given scale
S e[o, 1] BSM salience/boundary probability map

Z® ¢ RHWx2 Student two-class logits; Y = softmax(Z®))

Ysam Pseudo-mask from SAM (binary); B( - ) gives its thin boundary

w(-)
Dilate/Erode

1 x 1 projection for channel alignment

Morphological operators with a 3 x 3 square structuring
element

Thin(-)
(0]

Morphological thinning to unit-pixel width

Hadamard product

The Biologically-Inspired Salience Module
(BSM)

(a) Multi-level Foundation Distillation

boundaries. Filters can be optionally initialized to approximate Sobel/
Gabor banks and then fine-tuned end-to-end, making S adaptive to
colonoscopic textures and edges.
Salience gates the feature via
Fy=F+a-(FOYS), 2)
where « is a learnable scalar (initialized to 1.0). The residual pathway sta-
bilizes training by preserving identity when salience is uncertain. Empiri-

cally, placing BSM on the last two decoder scales balances capacity with
computational overhead.

Advanced training guidance strategy

To improve generalization without increasing test-time cost, we introduce
two orthogonal, training-only components (Fig. 5, right): (i) a foundation-
model distillation module (FMDM), which exclusively transfers knowledge
from a frozen foundation model (SAM) via multi-level distillation, and (ii) a
multi-modal guidance module (MGM), which leverages self-derived aux-
iliary modalities (HED edges and LBP textures) and injects them through a
gated cross-attention branch. Conceptually, FMDM is teacher-student
distillation from an external model, whereas MGM is modality-level feature
fusion without any teacher. Both modules are disabled at inference, leaving
an identical test time path.

FMDM primarily draws supervision from a frozen foundation model
(SAM). When ground-truth (GT) labels are available during supervised
training, we use them for (i) pseudo-mask selection and (ii) quality-aware
reweighting in Eq. (7) (this is the default setting in all our main experiments).
The GT-free variant, which relies solely on SAM stability scores and area
priors, is used only in ablation studies to demonstrate robustness; in prac-
tice, we recommend using quality-aware weighting when GT is available, as

Advanced Training Guidance Strategies

(b) Multi-modal Guidance (MGM)
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Fig. 5| Detailed view of the BSM and advanced training guidance strategies. (Left)
The Biologically Inspired Salience Module (BSM). This module takes a decoder
feature map F as input. A learnable multi-scale filter bank, composed of parallel
dilated convolutions (d = 1, 2, 3, 4), extracts edge and texture information at various
receptive fields. The concatenated results are passed through a 1 x 1 convolution and
a Sigmoid function to produce a salience map S. This map is then used to gate the
original feature map via a residual amplification pathway (Fis=F+ a - (FO® S)),
selectively enhancing signals critical to polyp boundaries. (Right) Advanced training
guidance strategies (training-only). These modules are disabled at inference.

a Multi-level foundation model distillation (FMDM): A frozen SAM teacher model
generates pseudo-masks (Ysan) and boundaries (Bsan) from the input image. This
provides output-level guidance for the student network (PrysmNet) through a
distillation loss. Feature-level distillation is also applied by aligning intermediate
features between the teacher and student. b Multi-modal guidance (MGM): auxiliary
modalities, such as texture maps from LBP and edge maps from HED, are generated
from the input image. These are processed by lightweight encoders and fused with
the main ViT features (Fy;r) using a cross-attention mechanism. A gating parameter
A anneals to zero during training to ensure train-test consistency.
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it improves distillation quality by down-weighting unreliable SAM pre-
dictions (low IoU with GT).

We use the official SAM ViT-H checkpoint trained on SA-1B as the
teacher and generate masks with the Automatic Mask Generator (AMG;
points per side=32, pred iou thresh=088, stabili-
ty score thresh=095 box nms thresh=0.7). For each train-
ing sample, we obtain a binary pseudo-mask Yy for single polyp frames,
we select the mask with the highest IoU to Y (when GT is available); for
multi-polyp frames, we take the union of masks with IoU > 0.5; when GT is
not available, we select the highest stability mask subject to an area prior
(e.g., 50-10° pixels). We define a unit-width boundary operator

B(M) = Thin (Dilate(M; 3 x 3) — Erode(M; 3 x 3)), 3)

with a 3 x 3 square structuring element. Denote Bsan = B(Ysam) and Bgr
= B(Y).

We adopt temperature-scaled KL from teacher to student. Let the
student’s logits be Z® and the teacher distribution P, If teacher logits Z®
are available, P = softmax(Z) /7); otherwise we construct a smoothed
two-class distribution from Ygap; with label smoothing e = 0.05:

€ €
PO = ((1 —e)(1 — Ygay) T (I —€e)Ysum +§>7
The loss is

N 7()
L8 — 72 KL ( PP || softmax | =— ) |, O
T

with 7=2.0.
_ To transmit SAM’s contour prior, we guide BSM’s boundary map
B := S towards Bgay using Dice:

L&l = Dice (E, BSAM>. )

We match intermediate features at compatible spatial scales. SAM’s
image-encoder tokens are reshaped to a 2D grid (=1/16 resolution), bili-
nearly resized to the student’s decoder scale, and projected via y:

. 1 = F
L?el::lu = m ||1// (Fstudent) - l/] (Fteacher) Hi (6)

We use the student’s 1/8-scale decoder feature.
When GT is available, per-sample weight w = clip(ToU(Ysams Y), 0.1,
1.0) re-weights distillation:

QAW __ distill distill distill
Ldisti]l =w- Lmask + ‘/W ' Lbnd Tw Lfeat : (7)

Scope: MGM does not rely on any foundation model; it injects self-
derived edge/texture cues via a cross-attention branch whose gating para-
meter A anneals to zero.

From each input I, derive edges Mg via HED (side fused map,
NMS + hysteresis thresholds fiq,, = 0.1, th;gh = 0.3) and textures M., via LBP
(radius 1, 8 neighbors; per-tile histograms).

Two shallow encoders Eegge, Etex (two 3 x 3 conv blocks, 32 channels,
BN + ReLU) transform Mgee, Miey; features are concatenated and pro-
jected:

Faux = COI’lvl x1 ([ Eedge(Medge)7 Etex(Mtex)]> .

We employ cross-attention (rather than simple concatenation or element-
wise addition) to allow the model to selectively attend to relevant edge/
texture cues based on the main feature context. This adaptive fusion

mechanism ensures that auxiliary modalities contribute only when they
provide complementary information, avoiding interference when edge/
texture signals are noisy or redundant. Fuse with ViT features Fy;r via

Fiyea = LayerNorm (Fy;p 4+ A - CrossAttn(Q = Fyp, K = F,, V = Fo.)).
®)

To avoid distribution shift, A decays linearly from 1 to 0 over the last
20% epochs; at inference A = 0 and MGM is fully disabled.

Overall objective and training recipe
Soft Dice on Yy, plus two-class CE:

L= (1 — Dice(¥. Y)) +CE (Y”‘, 17). ©)
with
2y .p.o.+€
Dice(p,g) = %7 e=10"°.
dobi T8 te

Supervise B:=S$ against Bgr:

L,y = Dice (E, BGT>, Bey = B(Y) via Eq.(3). (10)
Encourage perceptual fidelity:
Ly, =1— SSIM (?fg7 Y) (window11 x 11). (1)

Ltotal = Lseg + Abnd Lbnd + Adistill (Lrglaszli + Lg?s(tlﬂl + L(fieiziill) + Assim Lssim'

(12)
Default hyperparameters: Apq = 0.8, Agistinn = 1.0, Asgim = 0.5, 7=2.0; L?eijtm at
the 1/8 decoder scale. These values were determined through validation
experiments on a held-out subset of the training data. Sensitivity analysis
(varying each hyperparameter by +20%) showed that performance is
relatively robust: mDice changes by <0.5% for Apng and Agigin, and <0.3% for
Assim> indicating that the chosen values are near optimal within a
reasonable range.

Data sampling and augmentation

We employ a domain-balanced sampling strategy in which each mini-batch
draws uniformly from the two source datasets; for odd batch sizes, the
additional sample alternates between domains across iterations to preserve
parity. To strengthen sensitivity to diminutive lesions, we oversample
images whose polyp foreground occupies <1% of pixels at training resolu-
tion and enforce that exactly 25% of minibatches per epoch consist exclu-
sively of such cases. The augmentation pipeline comprises Fourier
amplitude mixing with coefficient & ~ 2£(0.05,0.15), random channel
shuffling (p = 0.2), color jittering of brightness/contrast/saturation by + 0.2,
random scaling in [0.75, 1.25] followed by a random crop to the training
size, and horizontal flipping.

Optimization, inference, and implementation details

Models are trained for 100 epochs with AdamW (learning rate 3 x 1074
weight decay 0.05, 8 = (0.9, 0.999)) under a cosine schedule with a 5 epoch
warm-up, mixed precision arithmetic, gradient norm clipping at 1.0, an
EMA decay of 0.999, and synchronized batch normalization across GPUs.
We adopt a simple curriculum for the multi-granularity module (MGM):
the weight A is held at 1 for the first 80% of epochs and then annealed linearly
to 0; the distillation coefficient A4y can be halved during the final 10
epochs.

npj Digital Medicine | (2026)9:158


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-026-02345-7

Article

For reproducibility, we fix random seeds, prefer deterministic kernels,
and use bilinear resizing with align_corners = false, inputs are 352 x 352 at
train and test. At inference, only the ViT backbone, the decoder with the
boundary-aware saliency module (BSM), and a two-class head are active;
MGM is disabled (A = 0) and predictions are arg met)(ce(ll?[:7 ;,c]. BSM
augments each attached scale with four dilated 3 x 3 convolutions
and one 1 x 1 convolution, yielding a per-scale complexity of
O!(HW(4 -9C% + Cz)) = O(37HWC?) at 1/8-1/4 resolutions. Com-
pared to the base ViT + decoder complexity (approximately O(HW(C? +
C)) per decoder stage), BSM adds roughly 5-8% overhead in FLOPs, which
is minimal given the significant boundary refinement benefits. MGM and
FMDM are training-only, so test-time cost equals ViT + decoder 4+ BSM.

Ablations are enabled by default: BSM (Eqgs. (1) and (2) with Lypq),
FMDM-mask/bnd/feat (Egs. (4)-(6)), MGM with the above annealing
(Eq. (8), off at test), SSIM (Eq. (11)), and SmallPolypOversample
(Section 7).

Two implementation notes improved stability: (i) the thinning
operator Thin( - ) in Eq. (3) prevents over-penalizing near-miss boundaries;
and (ii) all losses consume two-class softmax outputs (two-class CE; Soft
Dice on the foreground probability). When SAM logits are unavailable, we
substitute the smoothed teacher distribution P® derived from Y in the
KL context of Eq. (4) for robust training.

Training and inference
Algorithm 1 provides a high-level overview of the training and inference
procedures for PrysmNet.

Algorithm 1. High-Level Training and Inference Logic for PrysmNet

1: procedure TrainingStep(mini_batch)

2: Sample images and masks from source datasets (domain-balanced,
small-polyp emphasis).
> — Training-time Guidance —

3: // Multi-modal guidance (MGM)

4: Generate auxiliary modalities Megg. (HED) and M, (LBP).

5: Fuse auxiliary modalities with ViT features Fy;r via Eq. (8) using
current A.

6: // Foundation model distillation (FMDM)

7: Generate pseudo-mask Ysan and boundary Bsap from frozen SAM
teacher.
> — Forward Pass and Loss Computation —

8: Decode fused features with BSM to get student logits Z and
boundary map S.

9: Compute ground-truth boundary Bgr from the ground-truth
mask Y.

10: Calculate total loss Ly, using ground truth (Y, Bgr) and SAM

guidance (Ysam, Bsam) via Eq. (12).

11: Backpropagate Lo, and update model weights.

12: end procedure

13: procedure Inference image

14: Set A = 0 to disable all training-only modules (MGM, FMDM).

15: Perform forward pass through the inference-only path (ViT

backbone, Decoder with BSM).

16: Obtain final logits Z©.

17:Y <« softmax Z9).

18: return arg max(Y) >Return the final binary segmentation mask

19: end procedure

Data availability

All datasets are publicly available for download: Segmented Polyp Dataset
for Computer-Aided Gastrointestinal Disease Detection (Kvasir-SEG):
https://datasets.simula.no/kvasir-seg/, CVC-ClinicDB: https://www.kaggle.
com/datasets/balraj98/cvcclinicdb,  ETIS-LaribPolypDB:  https://www.
kaggle.com/datasets/nguyenvoquocduong/etis-laribpolypdb, ~ ColonDB:
https://www.kaggle.com/datasets/longvil/cvc-colondb, and EndoScene:
https://github.com/CAMMA -public/Endoscapes?tab=readme-ov-file. The

deep learning algorithms and analysis pipelines for this study were imple-
mented using the PyTorch framework. The codebase supports the complete
training and inference procedures, including the integration of foundation
model distillation and auxiliary guidance modules. To facilitate reprodu-
cibility, all custom scripts, model architectures, configuration files, and
evaluation tools will be made publicly available following the paper's pub-
lication. Detailed documentation regarding the specific software environ-
ment, dependencies, and library versions is provided within the repository.
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