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Abstract

Breast cancer remains the leading cause of cancer-related
mortality among women worldwide. Ultrasound imaging
has become a preferred modality for breast screening due to
its non-invasive nature, absence of ionizing radiation, and
low cost. However, accurate segmentation of breast lesions
in ultrasound images remains challenging. Furthermore,
the scarcity of pixel-level annotated data in the medical
domain significantly limits the training of deep learning
models. In this paper, we propose a transformer-based
framework for breast tumor segmentation that combines
the Universal Ultrasound Foundation Model (USFM) for
visual feature extraction with a CLIP text encoder for se-
mantic guidance via cross-attention. To address the data
scarcity challenge, we design a teacher-student training
scheme that effectively leverages both strongly annotated
data with pixel-precise masks and a substantially larger
set of weakly annotated data with only bounding box la-
bels. We aggregate a comprehensive training set of strongly
annotated and weakly annotated ultrasound images from
multiple public datasets, enriched by data from multiple
organs. The proposed method is evaluated on the widely
used BUSI and BUS UC benchmark datasets.

Keywords: ultrasound segmentation, breast cancer, semi-
supervised learning, foundation model, text guidance

1 Introduction

Breast cancer is the most common cause of cancer-related
mortality worldwide, responsible for 670,000 deaths in
2022 [2]. Early detection through regular screening re-
mains critical for reducing mortality. Among non-invasive
imaging modalities, ultrasound has emerged as a highly
promising technique due to its accessibility, affordability,
real-time imaging capability, and absence of ionizing ra-
diation [7, 35]. Ultrasound is particularly effective at dif-
ferentiating cysts from solid lesions even in dense breast
tissue [21], making it a first-line choice for breast cancer
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diagnosis.
Computer-aided diagnosis (CAD) systems have been

developed to assist radiologists in localizing and classify-
ing breast lesions, with image segmentation serving as a
foundational step in the CAD pipeline. Accurate tumor
segmentation provides the basis for subsequent feature
extraction and classification of benign versus malignant
lesions [25, 35]. In clinical practice, manual segmentation
is tedious, time-consuming, and subject to inter-observer
variability, which motivates the development of reliable
automated methods [14].

Convolutional neural networks (CNNs) have been widely
adopted for medical image analysis. However, their in-
herently local receptive fields limit the capture of global
contextual information, which is critical when lesions oc-
cupy only a small portion of the image [7, 12]. Recently,
transformer architectures have demonstrated the ability
to effectively capture long-range dependencies through
self-attention mechanisms, achieving state-of-the-art re-
sults in medical image segmentation [11]. Nevertheless,
most transformer-based methods require pre-training on
large-scale datasets, which poses a significant barrier in the
medical domain where annotated data is scarce [25].

In this work, we address these challenges with two
key contributions. First, we propose an architecture that
combines a domain-specific ultrasound foundation model
(USFM) [16] with a CLIP text encoder [23] through cross-
attention, enabling text-guided visual feature enrichment
for segmentation. Second, we design a teacher-student
training framework that jointly leverages strongly annotated
data (pixel-precise masks) and a substantially larger pool
of weakly annotated data (bounding box labels), thereby
alleviating the dependence on expensive pixel-level annota-
tions.

2 Related Work

CNN-based breast ultrasound segmentation. Early
deep learning approaches to medical image segmentation
were dominated by convolutional neural networks, with
U-Net [24] establishing the foundational encoder-decoder
architecture that remains influential to this day. Subsequent
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work tailored this paradigm to breast ultrasound by intro-
ducing multi-scale feature aggregation, boundary-aware
supervision, and attention-gated skip connections [26]. De-
spite strong empirical results, CNN-based architectures
suffer from an inherently limited receptive field, restricting
their ability to reason about global context, a limitation
particularly pronounced in ultrasound, where acoustic shad-
owing and speckle noise cause lesion boundaries to be
ambiguous across large spatial extents [7, 12].
Transformer-based approaches. Vision transformers cap-
ture long-range dependencies inaccessible to local convolu-
tions, which is especially valuable when tumors exhibit het-
erogeneous echo patterns relative to surrounding tissue [11].
For breast ultrasound, CSwin-Pnet [33] introduced cross-
shaped window attention for multi-scale spatial context,
while HA-Net [4] proposed a hierarchical attention mech-
anism targeting lesion boundaries. These methods consis-
tently outperform convolutional baselines but are typically
trained from scratch on small in-domain datasets, limiting
generalization to unseen acquisition conditions.
Foundation models and prompt-based segmentation.
Large-scale pre-trained foundation models have opened
a new paradigm for medical image analysis. SAM [17]
demonstrated impressive zero-shot segmentation via sparse
geometric prompts, with medical adaptations such as Med-
SAM [20] and BUSSAM [29] closing the domain gap
for clinical and ultrasound images respectively. However,
SAM-derived models lack modality-specific inductive bi-
ases for ultrasound. USFM [16] addresses this directly as a
ViT-B foundation model pre-trained on approximately 2.2
million multi-organ ultrasound images via self-supervised
learning. Concurrently, vision-language models such as
CLIP [23] have enabled few-shot recognition and weakly
supervised segmentation in medical imaging [19]. Our
work combines the ultrasound-specific representations of
USFM with CLIP-based semantic guidance through cross-
attention, extending supervision to bounding-box annota-
tions via a teacher-student scheme [27].

3 Method

We propose a transformer-based segmentation framework
that combines a frozen ultrasound-specific visual backbone
with semantic text guidance and a teacher–student training
scheme for mixed supervision. Given an input image x ∈
R3×256×256 and an organ-class text prompt p, the model
produces a binary segmentation map ŷ ∈ [0,1]256×256. The
pipeline consists of four components: (i) a frozen USFM
ViT backbone for multi-scale visual feature extraction, (ii)
a frozen CLIP text encoder with a lightweight adapter for
semantic embedding, (iii) per-scale cross-attention modules
that fuse text and visual tokens, and (iv) a hierarchical
multi-scale decoder that produces the final segmentation
mask. During training, a teacher network is maintained
as an exponential moving average of the student, which
generates pseudo-labels for weakly annotated samples.

3.1 Preprocessing and Input Representation

Most prior work processes single-channel grayscale im-
ages by replicating the channel three times to meet the
input requirements of pretrained feature extractors, which
are typically designed for RGB images. Rather than dupli-
cating identical channels, we leverage this three-channel
structure to incorporate complementary intensity represen-
tations. Specifically, each raw ultrasound image is trans-
formed into a three-channel tensor composed of: (i) the
original grayscale image, (ii) a contrast-stretched version,
and (iii) a contrast-limited adaptive histogram equaliza-
tion (CLAHE)-enhanced version. This strategy enables
improved representation of intensity variations and miti-
gates the wide dynamic-range variability characteristic of
ultrasound imaging, while preserving compatibility with
standard pretrained architectures. Notably, this approach
does not require any architectural modifications. All input
images are resized to 256×256 pixels prior to training.

3.2 USFM Backbone

The visual backbone is the HViT encoder from USFM [16].
It is implemented as a 12-layer Vision Transformer (ViT-
B) with an embedding dimension of 768 and a patch size
of 16, resulting in a 16× 16 grid of patch tokens for a
256×256 input image. The USFM model was pretrained
by self-supervised learning on the 3M-US dataset, which
comprises 2,187,915 unlabeled ultrasound images of twelve
common organs used in routine human body screening. The
dataset aggregates data from multiple medical centers and
diagnostic devices worldwide, substantially enhancing the
robustness and generalization capability of the pretrained
model. In this work, the pretrained USFM encoder is em-
ployed for initial feature extraction from input ultrasound
images. Intermediate representations are extracted from
layers 10, 11, and 12. These activations are projected
to a common channel dimension and reshaped into three
multi-scale feature maps with spatial resolutions of 64×64,
32×32, and 16×16, denoted as F1, F2, and F3, respectively.
These feature maps serve as the input representations for
subsequent processing stages. During training, all back-
bone parameters remain frozen except the first layer, which
is unfrozen to allow the backbone to adapt to the enriched
three-channel input representation.

3.3 CLIP Text Encoder and Adaptation

Organ-specific prompts are embedded using a frozen
openai/clip-vit-base-patch16 CLIP-
TextModel [23]. The primary objective of this component
is to obtain a numerical representation of textual descrip-
tions corresponding to the input ultrasound image. This
description can be interpreted as a high-level characteri-
zation of the image, including the imaged organ and the
potential presence of pathological findings.
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Since the CLIP text encoder was originally pretrained
on large-scale, predominantly non-medical corpora, a do-
main gap exists between its learned language representa-
tions and the specialized semantics of ultrasound imag-
ing. To mitigate this mismatch, we introduce a lightweight
text adapter placed after the frozen CLIP encoder. The
adapter consists of a two-layer multi-layer perceptron
(MLP) with GELU activation and LayerNorm, mapping
the 512-dimensional CLIP token embeddings to the 256-
dimensional channel space of the visual feature maps. This
adapter is the only trainable component on the text branch
and is optimized end-to-end, enabling better alignment of
textual embeddings with the medical imaging domain.

Each organ category (breast, thyroid, liver, and ovary)
is associated with ten descriptive prompts capturing sono-
graphic appearance, echo pattern, and anatomical context.
For example:

•“Breast ultrasound showing tissue distortion and irreg-
ular internal echoes.”

•“Sonographic view of thyroid lobe with mixed
echogenicity and internal reflections.”

This design is particularly important as our method lever-
ages auxiliary datasets originating from organs other than
the breast, which constitutes the primary object of inves-
tigation. During both training and inference, a prompt
is sampled uniformly at random from the corresponding
organ-specific pool. This strategy acts as a language-level
augmentation mechanism and reduces overfitting to a single
prompt formulation.

3.4 Per-Scale Cross-Attention Fusion

At each feature scale i ∈ {1,2,3}, we apply a TextCrossAt-
tention module to fuse visual features with the correspond-
ing text representation. The goal of this module is to enrich
visual feature maps with semantic information derived from
the textual description of the input ultrasound image.

Let Fi ∈ RB×Ci×Hi×Wi denote the visual feature map at
scale i, and let T ∈ RB×T×dt represent the adapted text to-
ken embeddings. First, Fi is projected to a shared latent
dimension d using a 1×1 convolution. The spatial dimen-
sions are then flattened into a sequence of visual tokens
Xi ∈ RB×N×d , where N = HiWi.

In parallel, the text tokens are linearly projected to the
same latent space. Cross-modal interaction is performed
using multi-head attention, where visual tokens serve as
queries and text tokens act as keys and values:

X ′
i = MHA(Q = Xi, K = T̃ , V = T̃ ). (1)

The attention output is added to the original visual tokens
via a residual connection, followed by layer normalization.
A position-wise feed-forward network with GELU activa-
tion is then applied, again with residual connection and
normalization. The refined tokens are reshaped back to the

original spatial layout and projected to the initial channel
dimension, yielding the text-conditioned feature map F ′

i .
This design keeps the visual backbone frozen while en-

abling each feature scale to be selectively modulated by
high-level semantic information from the language prompt.
The resulting enriched feature maps are subsequently used
for more accurate tumor segmentation in ultrasound im-
ages.

3.5 Multi-Scale Decoder

The three text-conditioned feature maps F ′
1,F

′
2,F

′
3 are pro-

cessed by a ThreeScaleDecoder inspired by UPerNet [31]
and feature pyramid networks. All three maps are first
projected to a unified channel dimension via 1×1 convo-
lutions and refined by two consecutive 3×3 convolutional
layers with GroupNorm and ReLU. Fusion proceeds hierar-
chically from deep to shallow: the deepest map (16×16)
is bilinearly upsampled and gated-fused with the interme-
diate map (32×32) via a learned sigmoid weighting, then
the result is fused with the shallowest map (64× 64) in
the same manner. The final feature map is projected to a
single-channel logit map and upsampled to 256×256.

3.6 Teacher–Student Training

We adopt a teacher–student scheme following Mean
Teacher [27]. The student network is trained with gradi-
ent descent; the teacher is an exponential moving average
(EMA) of the student with a dynamically ramped decay
coefficient:

α(t) = αstart +(αend −αstart) ·
t

T −1
, (2)

where t is the current epoch, T is the total epoch count,
αstart = 0.99, and αend = 0.999. Early in training, the
teacher tracks the student quickly; as the student sta-
bilises, the teacher accumulates a longer history, producing
smoother pseudo-labels.

3.6.1 Strong Branch.

Pixel-precise masks are available for fully annotated sam-
ples (flag = 0). The student predicts logits ℓ̂ and the strong
loss is:

Lstrong = LDiceFocal(ℓ̂,y), (3)

using MONAI’s DiceFocalLoss [6] with equal Dice and
focal weights, γ = 2.

3.6.2 Weak Branch

For weakly annotated samples (flag = 1), only bounding
boxes are provided, without pixel-wise segmentation. To
leverage such weak annotations, we adopted the teacher-
student framework. The teacher processes the clean input
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image and outputs soft pseudo-label probabilities p̃, provid-
ing an initial estimate of likely foreground and background
regions.

Hard pseudo-labels are then constructed using confi-
dence thresholds:

ỹfg = [p̃ > 0.75], (4)
ỹbg = min([ p̃ < 0.25]+ (1− ybox), 1), (5)

where ybox denotes the bounding-box mask. Pixels inside
the bounding box that are neither confidently foreground
nor confidently background are treated as an ignore region
(ω = 0). These pixels are excluded from gradient computa-
tion, preventing the student from learning from ambiguous
or noisy labels.

The student network then processes a perturbed version
of the same image using additional augmentation. Supervi-
sion is applied through two complementary losses:

Weighted Binary Cross-Entropy (wBCE) Confident
pseudo-labels are used to compute a weighted BCE loss:

LwBCE =
1
|Ω| ∑

(i, j)∈Ω

BCE(ℓ̂i j, ỹfg,i j), (6)

where Ω denotes the set of pixels outside the ignore region.
This ensures the student focuses on reliable foreground and
background regions while ignoring uncertain areas.

Box Projection Loss Since weak annotations provide
only bounding boxes, we enforce consistency between the
predicted mask and the box along each axis. Specifically,
the maximum projection of the predicted mask along the
horizontal and vertical axes should match the corresponding
bounding-box projections [28]:

Lproj = BCE
(

max
j

ℓ̂i·,max
j

ybox,i·

)
+BCE

(
max

i
ℓ̂· j,max

i
ybox,· j

)
.

(7)

This auxiliary loss guides the student to produce masks
consistent with the known bounding-box geometry, even in
regions without confident pseudo-labels.

Overall Weak Supervision The total loss for weakly
labeled samples combines the two terms:

Lweak = LwBCE +λLproj, (8)

with λ = 0.5 in our experiments. This strategy allows the
model to learn from weak annotations effectively by (i)
leveraging confident pseudo-labels, (ii) ignoring uncertain
regions to reduce noise, and (iii) enforcing spatial consis-
tency through box projection constraints.

3.6.3 Total Loss and Dynamic Scheduling.

The total loss blends the two branches proportionally to the
batch composition:

L =
ns

ns +nw
Lstrong +

nw

ns +nw
λ (t)Lweak, (9)

where ns, nw are the per-batch strong and weak counts,
and λ (t) linearly ramps from 0.1 to 0.5 over training. The
weak branch is not activated for the first K = 5 warmup
epochs, preventing early corruption from poor teacher
pseudo-labels.

4 Datasets and Data Integrity

In medical imaging, the scarcity of high-quality annotated
datasets is a long-standing issue, particularly in breast ultra-
sound. To mitigate limited training data, we employ both
fully and weakly annotated datasets, which serve comple-
mentary roles in model training.

Fully annotated datasets provide pixel-precise masks that
are crucial for learning fine-grained tumor boundaries. In
our work, we aggregate multiple fully annotated public
datasets across different organs to enrich diversity:

4.1 Strongly Annotated Datasets

• BUS-BRA [8]: 1,875 breast ultrasound images from
1,064 patients aged 16–89 years. Manual pixel-wise
annotations were performed for benign (722) and ma-
lignant (342) tumors.

• BrEaST [22]: 256 patients (154 benign, 98 malignant,
4 normal), with manual segmentation performed by
five radiologists in Poland (2019–2022).

• BUS-UCLM [30]: 683 images from 38 patients (174
benign, 90 malignant, 419 normal), annotated inde-
pendently by two radiologists.

• BUSI-WHU [13]: 927 breast ultrasound images (560
benign, 367 malignant), with annotations verified by
multiple radiologists.

• BUID [3]: 232 images (123 malignant, 109 benign),
annotated based on histopathological reports and ex-
pert review.

4.1.1 Supporting Strongly Annotated Datasets

To improve generalization beyond breast ultrasound, we
include strongly annotated supporting datasets from other
organs:

• TN3K+TG3K [10][9]: 6,463 thyroid ultrasound im-
ages of the gland and nodules.

• LUS [32]: 735 liver images annotated for malignant,
benign, and normal tissue.
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• MMOTU [34]: 1,639 ovarian ultrasound images from
294 patients.

4.2 Weakly Annotated Datasets

The largest portion of our dataset comes from weakly an-
notated images, which provide only bounding boxes. This
includes:

• CVA / VideoBUS [18]: 188 breast ultrasound videos
with 25,272 frames annotated with per-frame bound-
ing boxes (113 malignant, 75 benign). These weak
labels enable scalable training using our weak branch,
as described in Section 3.6.2.

4.3 Test Datasets

For evaluation, we adopt fully annotated datasets that are
widely used in the literature:

• BUSI [1]: 780 breast ultrasound images from 600
patients, manually segmented. Despite popularity, this
dataset suffers from severe duplication issues, which
can bias reported metrics (see Section 4.4).

• BUS UC [15]: 811 images from UltrasoundCase por-
tal (358 benign, 453 malignant), used as a clean, inde-
pendent benchmark to assess true generalization.

4.4 BUSI Data-Integrity Analysis

The BUSI dataset [1] has become the de facto baseline
benchmark for breast ultrasound segmentation. Despite its
popularity, prior work [5] identified a serious issue with
duplicate images. Using an algorithm to detect duplicates,
it was found that, out of the original 780 images - 5 im-
ages have quadruple copies, 22 images have triple copies
and 122 images have double copies. Some of these dupli-
cates differ slightly in their annotations. Such duplication
can severely bias model evaluation: randomly splitting the
dataset may place near-identical images in both training and
validation sets. As a result, models can appear to perform
exceptionally well on validation images that are effectively
duplicates of training samples, leading to overestimated
metrics and potentially overfitting.

Based on these findings, we adopt BUS UC [15] as our
primary hold-out test set and report results on BUSI only for
legacy comparison. Using a clean, independent benchmark
ensures that evaluation metrics reflect true generalization
and are not artificially inflated by duplicated samples.

5 Experiments

5.1 Training Details

All models are trained for 200 epochs with AdamW (β =
(0.9, 0.999), weight decay 10−4) using a two-tier learning

rate: lr = 10−5 for the backbone (first-layer) and lr = 10−4

for all downstream modules. A 5-epoch linear warmup
is followed by cosine annealing to ηmin = 10−6. Train-
ing uses batch size 64 (mixed strong and weak samples),
bfloat16 AMP, and gradient clipping at norm 1.0. All ex-
periments run on a single NVIDIA RTX 4090. Geometric
augmentation includes random horizontal and vertical flips,
rotation (±15), and perspective transform. Weakly anno-
tated samples are additionally perturbed with multiplicative
speckle noise, Gaussian noise, random blur or sharpening,
and gamma variation to simulate acquisition variability.

5.2 Comparison on the BUSI Dataset

We first compare our method against recent state-of-the-art
approaches on the BUSI dataset. Table 1 reports the Dice
and Jaccard scores alongside the training and validation
split ratios used by each method.

Table 1: Comparison with state-of-the-art methods on the
BUSI dataset. Train/Val denotes the proportion of data used
for training and validation, respectively.

Method Train Val DSC (%) IoU (%)

CSwin-Pnet [33] 80% 20% 83.68 75.11

Attention U-Net [26] 80% 20% 85.00 73.00

BUSSAM [29] 80% 20% 89.95 82.31

HA-Net [4] 80% 10% 97.28 94.75

Ours 0% 100% 70.77 54.76

A direct comparison of methods evaluated on BUSI is
confounded by two factors: (1) different train/validation
split ratios, where methods using 80% of data for training
have a substantial advantage over our evaluation setting;
and (2) the well-documented duplicate structure of the
BUSI dataset. As discussed in Section 4.4, a large propor-
tion of images in BUSI have near-identical copies, meaning
that any method relying on a randomly constructed split
risks placing duplicate images in both the training and
validation sets simultaneously. Under such conditions, re-
ported metrics may be substantially overestimated and not
reflective of true generalization capability. We therefore
treat BUSI results from methods using random splits with
caution, and motivate the use of an independent held-out
benchmark for reliable evaluation.

5.3 Cross-Dataset Generalization on BUS-UC

To provide a contamination-free and fair comparison, we
retrained BUSSAM and HA-Net using their official code-
bases on their respective data splits, and subsequently eval-
uated all three models on the BUS-UC dataset, which was
not used in any model’s training pipeline. Results are re-
ported in Table 2.
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Table 2: Cross-dataset generalization results on the BUS-
UC dataset. All models were trained using their official
data splits and evaluated without any fine-tuning on BUS-
UC. Higher values indicate better generalization.

Method DSC (%) IoU (%)

HA-Net [4] (2025) 85.05 76.69
BUSSAM [29] (2024) 88.49 80.34
Ours 92.30 85.73

As shown in Table 2, our method achieves the high-
est DSC of 92.30% and IoU of 85.73% on the BUS-
UC dataset, outperforming both BUSSAM (DSC: 88.49%,
IoU: 80.34%) and HA-Net (DSC: 85.05%, IoU: 76.69%),
demonstrating superior cross-dataset generalization. It is
worth noting that our model was trained on a substantially
larger dataset than the compared baselines, which may also
contribute to its stronger generalization performance.

Notably, the performance ordering on BUS-UC (Ours >
BUSSAM > HA-Net) differs markedly from the rankings
reported on BUSI. This discrepancy is consistent with the
duplicate-induced overfitting risk described in Section 4.4:
models that achieve high scores on randomly partitioned
BUSI splits may be benefiting from near-identical training
and validation samples rather than demonstrating genuine
generalization. Evaluation on the independent BUS-UC
benchmark provides a more reliable basis for comparison.

Among the baselines, BUSSAM exhibits the most con-
sistent performance across both datasets. However, this
should be interpreted in light of its architectural design:
BUSSAM is built upon SAM [17], which requires a vi-
sual prompt, such as a bounding box or point, explicitly
indicating the lesion location at inference time. The model
therefore performs boundary delineation given a known
region of interest, rather than joint localization and seg-
mentation. Our method, by contrast, receives no spatial
prior at inference time and must independently identify and
delineate lesions from the raw image alone, representing
a strictly harder and more clinically realistic evaluation
setting.

These findings confirm that duplicate-aware or
independent-benchmark evaluation is essential for mean-
ingful comparison in breast ultrasound segmentation, and
we recommend BUS-UC as the standard going forward.

5.4 Ablation Study

Table 3 incrementally validates each component on BUS-
UC. The baseline (R1) stacks the grayscale image three
times as input; replacing this with a complementary origi-
nal/CLAHE/contrast stack and unfreezing the first patch-
embedding layer of USFM (R2) yields the largest single
gain in IoU (+1.5%) and cuts HD95 by 2.2 px. Textual
guidance alone (R3) adds just a notable boundary improve-

ment (HD95 17.6 px), while multi-organ supporting data
alone (R4) unexpectedly degrades DSC to 91.23% vs. R2’s
91.63%, suggesting cross-organ diversity introduces ambi-
guity that semantic prompts are necessary to resolve, their
combination (R5) recovers and surpasses both at 91.99%.
Finally, the weak bounding-box pipeline (R6) delivers the
largest boundary gain, reducing HD95 from 16.5 to 15.2 px,
and lifts the full model to 92.30% DSC and 85.73% IoU.
It is interesting to note that precisely the weakly annotated
images with no pixel-level tumor boundary annotations con-
tribute to the boundary accuracy, thanks to our proposed
weak branch architecture.

6 Conclusion

We presented a semi-supervised breast ultrasound seg-
mentation framework that fuses a frozen USFM visual
backbone with CLIP-based semantic guidance via per-
scale cross-attention. A teacher–student EMA scheme
with dynamic loss scheduling enables effective exploitation
of large-scale bounding-box annotations alongside pixel-
precise masks, reducing dependence on costly pixel-level
labeling. Evaluated in a zero-shot cross-dataset setting, our
method achieves a state-of-the-art DSC of 92.30% and IoU
of 85.73% on BUS-UC, outperforming both BUSSAM and
HA-Net under identical evaluation conditions.

As discussed in Section 4.4, the widespread use of ran-
domly partitioned BUSI splits in the literature carries a
significant risk of duplicate-induced overfitting, which may
inflate reported Dice scores and obscure true generaliza-
tion ability. We urge the community to adopt independent
benchmarks such as BUS-UC for future comparisons and to
account for dataset duplicates when constructing evaluation
protocols.

A particularly promising direction for future work con-
cerns the nature of the text prompts themselves: in this
work, prompts are limited to generic organ-class descrip-
tions due to the absence of clinically grounded annotations.
Real diagnostic reports authored by radiologists, capturing
lesion echogenicity, shape irregularity, and surrounding
tissue characteristics, could serve as far richer supervisory
signals. As no such paired image–report datasets exist at
scale for breast ultrasound today, we view their curation
and exploitation as an important open problem for the com-
munity.

References

[1] Walid Al-Dhabyani, Mohammed Gomaa, Hussien
Khaled, and Aly Fahmy. Dataset of breast ultrasound
images. Data in brief, 28:104863, 2020.

[2] Mohammed Alotaibi, Abdulrhman Aljouie, Najd Al-
luhaidan, Wasem Qureshi, Hessa Almatar, Reema
Alduhayan, Barrak Alsomaie, and Ahmed Almazroa.
Breast cancer classification based on convolutional

Proceedings of CESCG 2026: The 30th Central European Seminar on Computer Graphics (non-peer-reviewed)



Table 3: Ablation study on the BUS-UC test set. ✓ = component active. HD95 in px (↓); Dice and IoU in % (↑).

ID Configuration St
ro

ng
br

ea
st

Ch
. p

re
pr

oc
.

Su
pp

or
tin

g

Te
xt

gu
id

.

W
ea

k
pi

pe
lin

e

Dice (%) IoU (%) HD95↓

R1 Baseline ✓ 90.773 83.169 20.644
R2 + Ch. preprocessing ✓ ✓ 91.628 84.649 18.433
R3 + Textual guidance ✓ ✓ ✓ 91.710 84.680 17.648
R4 + Supporting data ✓ ✓ ✓ 91.228 83.962 17.155
R5 + Supporting + textual ✓ ✓ ✓ ✓ 91.988 85.236 16.515
R6 + Weak branch (Full pipeline) ✓ ✓ ✓ ✓ ✓ 92.300 85.727 15.243

neural network and image fusion approaches using
ultrasound images. Heliyon, 9(11), 2023.

[3] Ali Abbasian Ardakani, Afshin Mohammadi, Mo-
hammad Mirza-Aghazadeh-Attari, and U Rajendra
Acharya. An open-access breast lesion ultrasound im-
age database: Applicable in artificial intelligence stud-
ies. Computers in Biology and Medicine, 152:106438,
2023.

[4] Muhammad Azeem Aslam, Asim Naveed, Nisar
Ahmed, and Zhang Ke. A hybrid attention network
for accurate breast tumor segmentation in ultrasound
images. Scientific Reports, 15(1):39633, 2025.

[5] Carlos Aumente-Maestro, Jorge Dı́ez, and Beatriz
Remeseiro. A multi-task framework for breast cancer
segmentation and classification in ultrasound imag-
ing. Computer methods and programs in biomedicine,
260:108540, 2025.

[6] M Jorge Cardoso, Wenqi Li, Richard Brown, Nic
Ma, Eric Kerfoot, Yiheng Wang, Benjamin Murrey,
Andriy Myronenko, Can Zhao, Dong Yang, et al.
Monai: An open-source framework for deep learn-
ing in healthcare. arXiv preprint arXiv:2211.02701,
2022.

[7] Behnaz Gheflati and Hassan Rivaz. Vision transform-
ers for classification of breast ultrasound images. In
2022 44th Annual International Conference of the
IEEE Engineering in Medicine & Biology Society
(EMBC), pages 480–483. IEEE, 2022.
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nieszka Domalik, Dominika Jaguś, Piotr Kasprzak,
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