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Abstract. In multi-organ ultrasound (US) imaging, data variability is
substantial due to heterogeneous organ-specific imaging characteristics
and the presence of diverse tumor types. Existing masked autoencoder
(MAE) approaches struggle to disentangle tumor-related features from
organ-dependent variations and do not exploit textual priors about or-
gans, thereby limiting their capacity to learn organ-invariant tumor rep-
resentations. To address these challenges, we propose a novel disentan-
gled adversarial masked autoencoder (DA-MAE), which partitions the
encoder into distinct tumor and organ branches to capture complemen-
tary information. An organ-invariant adversarial training strategy is em-
ployed to suppress organ-specific information within the tumor branch,
promoting organ-invariant tumor modeling. In parallel, text prompts
provide organ-level priors that implicitly guide the decoder to recon-
struct the input image, facilitating more accurate learning of organ-
specific representations in the organ branch. Evaluated on five-organ US
benchmarks, our method achieves superior performance in downstream
classification with an AUC ranging from 78.12% to 99.97% and segmen-
tation with a Dice ranging from 69.38% to 86.12%. Compared to the
current best-performing MAE-based method, our method consistently
improves classification AUC by 0.17–1.93% and segmentation Dice by
0.58–1.51%. Our method validates the effectiveness of disentangled rep-
resentation learning with adversarial and text-guided strategies for ac-
curate tumor analysis in multi-organ US imaging scenarios. Our codes
are available at https://github.com/yXiangXiong/DA-MAE.

Keywords: Multi-organ ultrasound · Organ-invariant adversarial · Text
prompt · Masked autoencoder.

1 Introduction

Ultrasound (US) imaging has emerged as a cornerstone of modern clinical diag-
nostics due to its non-invasive nature, real-time capabilities, cost-effectiveness,
⋆ Corresponding author
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and absence of ionizing radiation [5], making it particularly suitable for multi-
organ assessments in resource-limited settings. In clinical practice, automatic
US image analysis methods have recently been extensively utilized for the clas-
sification and segmentation of various organs [24], enabling early detection of
abnormalities such as tumors or cysts. However, blurred tissue boundaries and
complex speckle noise lead to low generalization ability in tumor identification
and boundary delineation, ultimately impacting treatment planning and patient
outcomes. To achieve precise multi-organ classification and segmentation, ad-
vanced representation learning models are required to generalize across hetero-
geneous US datasets from multiple centers.

Self-supervised learning (SSL) techniques, particularly masked autoencoders
(MAEs) [15] and their variants, have learned robust feature representations
from unlabeled US data. BusM2AE [38] introduces a multi-scale MAE, address-
ing the limitations of the vanilla MAE in handling breast tumors of varying
sizes through token-level and feature-level multi-scale masking strategies. Sim-
ilarly, URFM [20] establishes a general-purpose foundation model pre-trained
on multi-organ US images using representation-based masked image modeling,
where high-level semantic representations from BiomedCLIP [39] serve as recon-
struction targets instead of raw pixels. In parallel, UA-MAE [35] incorporates
uncertainty awareness into the vanilla MAE for breast tumor segmentation, dy-
namically prioritizing diagnostically critical regions during masking. These state-
of-the-art (SOTA) methods address the adaptability of the MAE to US-specific
challenges, including speckle noise, low contrast, and anatomical heterogeneity.

Current MAE-based pre-training on multi-organ US data encounters chal-
lenges, particularly in disentangling tumor commonalities from organ-specific
features and incorporating organ-specific guidance during multi-organ image re-
construction. The high data variability caused by the distinct imaging character-
istics of different organs results in entangled representations where tumor-related
anomalies are not sufficiently decoupled from normal organ structures. Tumor
features tend to exhibit poor transferability across organs. This limits generaliza-
tion in downstream tumor segmentation and detection. Additionally, standard
pixel-level reconstruction lacks explicit organ-specific guidance, hindering the
model’s ability to incorporate organ priors in heterogeneous US environments,
which leads to suboptimal feature learning.

To overcome these limitations, we propose a novel disentangled masked au-
toencoder using organ-invariant adversarial training (DA-MAE). If separate SSL
parts were used per organ, our method could not capture shared semantic in-
variance and would lose cross-organ transferability. Therefore, we use a single
SSL training scheme for all downstream tasks to disentangle common tumor
patterns from organ-specific styles in one shared feature space. Specifically, DA-
MAE integrates orthogonal loss to promote feature decoupling between tumor
and organ branches, adversarial classification with gradient reversal to enable
organ-invariant tumor modeling, and BiomedCLIP-derived text prompts for
organ-specific guidance during reconstruction. All components in our method
are not simply combined modules, but complementary designs centered on dual-
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Fig. 1. Overview of proposed DA-MAE. (a) In self-supervised pretraining phase, we in-
troduce two encoders to achieve disentanglement and an organ-specific tumor classifier
to realize organ-invariant adversarial training. We also employ a CLIP encoder to help
decoder reconstruct the input image. (b) The weights of pre-trained tumor encoder are
transferred to initialize the downstream classification and segmentation encoders.

encoder feature disentanglement. Each module plays an indispensable role in dis-
entangling task-shared pathological invariants from domain-specific anatomical
confounders, and ablation experiments verify their progressive complementary
effects. This design achieves superior downstream performance in multi-organ
classification and segmentation, yielding 0.17-12.05% improvements in AUC and
0.58-2.91% improvements in Dice on five-organ US benchmarks compared to
SOTA MAE-based methods.

Contributions: (1) We effectively disentangle tumor commonalities from
organ-specific representations through feature decorrelation and organ-invariant
adversarial training, which suppresses organ-specific information in the tumor
branch. (2) We integrate BiomedCLIP-derived organ-specific text prompts into
the reconstruction process, providing explicit semantic guidance to enhance
cross-organ generalization and improve reconstruction fidelity. (3) We conduct
extensive evaluations on five-organ US datasets, demonstrating that our DA-
MAE learns organ-invariant tumor representations across multi-organ US sce-
narios and outperforms the SOTA supervised methods and MAE variants in
both downstream classification and segmentation tasks.
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2 Method

In this section, we show the proposed DA-MAE in Fig. 1. At first, we delineate
the core modules in the self-supervised pre-training stage. Next, we introduce
the downstream classification and segmentation networks. Lastly, we provide the
training objectives for DA-MAE.

2.1 Disentangled Adversarial Masked Learning

MAE [15] is a self-supervised pre-training method in which parts of the input
image are masked, and the model learns to reconstruct them. This forms the
backbone for feature extraction of encoders.
Tumor-Common Encoder. This tumor-common encoder, denoted as Et, ex-
tracts tumor features shared across organs. The patch sequence of the input
image is first linearly mapped into patch embeddings, and then the positional
encoding information is added to them. The mapped patches are masked at a
specific ratio r. The remaining visible patches are fed into the tumor-common
encoder to extract tumor latent features.
Organ-Specific Encoder. This organ-specific encoder, denoted as Eo, extracts
the unique features of each organ. Following the pipeline of the tumor-common
encoder, the patch sequence of the input image is first linearly mapped into patch
embeddings, and then the positional encoding information is added to them. The
mapped patches are masked at a specific ratio r, and the masked positions are
the same as those in the tumor-common encoder. The remaining visible patches
are fed into the organ-specific encoder to extract organ latent features.
Organ-specific Tumor Classifier. This organ-specific tumor classifier, de-
noted as Cost, predicts the organ-specific tumor label of an input image, while
the tumor encoder produces features that hinder the classifier’s accurate pre-
diction. This adversarial training encourages the tumor encoder to produce
organ-invariant tumor representations. Specifically, the tumor-common encoder
and organ-specific tumor classifier are connected via a gradient reversal layer
(GRL) [6] to enable adversarial optimization, aligning tumor features across or-
gan dimensions so that they are not organ-discriminative.
Prompt-Guided Decoder. To reconstruct the original input image, the out-
put latent features of the two encoders are concatenated and projected to the
decoder embedding dimension. Moreover, we condition the decoder with tex-
tual prompts from the powerful biomedical text encoder of BiomedCLIP [39].
Specifically, we create high-quality text prompts for the five organs and input
them into the text encoder to compute text embeddings. Lastly, we project the
text embeddings to the decoder embedding dimension and fuse them with the
concatenated latent features as the decoder input.

2.2 DA-MAE Adaptation in Downstream Tasks

After self-supervised pre-training, we attached task-specific heads for the down-
stream classification and segmentation tasks, respectively. As shown in Fig. 1(b),
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the classification network consists of the pre-trained encoder followed by a ran-
domly initialized fully connected layer, while the segmentation network com-
prises the pre-trained tumor encoder, which is skip connected to a randomly
initialized UNETR [14] decoder.

2.3 Pre-training and Downstream Objectives

Reconstruction Loss. We adopt the mean squared error (MSE) as the loss
function and compute the loss only on masked patches between the pixel decoder
prediction and the original input.

Lrecon =
1

Nm

Nm∑
i=1

∥xi − x̂i∥22, (1)

where Nm is the number of masked patches in an image, xi is the input patch
as the reconstruction target, and x̂i is the decoder output for the masked patch.

Orthogonal Loss. We apply the orthogonal loss to ensure that the latent
features, i.e., tumor feature embedding zt and organ feature embedding zo, from
both encoders are as uncorrelated or orthogonal as possible.

Lortho =
1

N

N∑
i=1

∣∣∣∣∣ z
(i)
t · z(i)o

∥z(i)t ∥2∥z(i)o ∥2

∣∣∣∣∣ , (2)

where N is the number of images in a batch.
Adversarial Loss. During the forward pass, the GRL acts as an identity

function, passing the tumor feature embedding zt to the organ-specific tumor
classifier Cost unchanged: GRL(zt) = zt. During backpropagation, however, the
GRL multiplies the incoming gradients from the organ-specific tumor classifier
by −1. This reverses the gradient direction, encouraging the tumor encoder to
learn features that cause the organ-specific tumor classifier to fail. The organ-
invariant adversarial loss is computed based on this reversed gradient flow:

Ladv = CE
(
Cost

(
GRL(zt)

)
, c
)
, (3)

where CE(·, ·) denotes the cross-entropy loss between the predicted and the
ground-truth of organ-specific tumor labels.

The overall learning target of the self-supervised pre-training stage can be
computed as follows:

L = Lrecon + λorthoLortho + λadvLadv, (4)

where the λortho and λadv are the weights for orthogonal loss and organ-invariant
adversarial loss, respectively. After pre-training, we finetune the tumor-common
encoder for downstream classification using cross-entropy loss and for segmen-
tation using a combination of soft-dice loss and cross-entropy loss.



6 Xiong et al.

Table 1. Quantitative comparison of our DA-MAE and two SOTA supervised and
three SOTA MAE-based methods for downstream classification and segmentation.

Classification Segmentation

Dataset Method AUC↑ F1↑ Recall↑ Prec↑ Dataset Method Dice↑ IoU↑ HD95↓ Sens↑

BUSG

HoVerTran 62.65 58.20 58.85 62.09

BUSG

SynNet 61.72 71.90 5.66 87.83
BusM2AE 66.07 40.66 45.39 41.39 BusM2AE 66.47 74.85 5.63 89.30
USFM 71.73 66.74 66.89 66.64 USFM 67.18 74.93 5.45 89.33
URFM 76.19 61.03 61.24 64.52 UA-AE 67.87 75.46 5.67 89.16
Ours 78.12 65.36 69.15 69.62 Ours 69.38 76.49 5.40 88.08

BUSI

HoVerTran 86.50 70.50 71.46 69.68

BUSI

SynNet 71.36 77.53 5.49 87.47
BusM2AE 87.76 68.45 66.58 71.17 BusM2AE 74.32 79.86 5.11 87.04
USFM 88.77 70.60 68.04 75.07 USFM 74.86 80.03 5.08 87.75
URFM 89.06 69.90 68.09 73.01 UA-AE 76.55 81.33 4.99 88.44
Ours 90.07 77.70 75.52 81.23 Ours 77.13 81.51 4.93 88.92

TN3K

HoVerTran 74.45 65.92 65.74 66.17

TN3K

SynNet 74.32 78.69 5.42 87.15
BusM2AE 74.59 60.46 60.75 69.22 BusM2AE 75.43 79.53 5.32 88.41
USFM 76.42 62.80 62.40 67.43 USFM 76.75 80.15 5.28 88.63
URFM 76.92 65.39 64.67 69.52 UA-AE 77.54 80.78 5.22 89.13
Ours 78.69 70.15 69.94 70.40 Ours 78.27 81.29 5.10 89.54

OCYST

HoVerTran 99.39 93.99 93.81 94.31

MMOTU

SynNet 82.60 84.42 4.99 91.74
BusM2AE 99.54 97.45 97.66 97.37 BusM2AE 84.13 85.85 4.78 92.36
USFM 99.68 98.29 98.29 98.29 USFM 84.95 86.09 4.81 92.67
URFM 99.80 98.30 98.44 98.21 UA-AE 85.23 86.64 4.67 92.89
Ours 99.97 98.29 98.15 98.48 Ours 86.12 87.16 4.62 93.23

GSGB

HoVerTran 86.61 73.83 73.30 74.50

OKUS

SynNet 74.77 81.01 5.17 89.76
BusM2AE 88.97 78.08 77.92 78.25 BusM2AE 75.62 81.75 5.15 90.52
USFM 89.57 80.46 82.38 79.37 USFM 76.16 82.40 4.84 91.24
URFM 89.82 78.40 77.62 79.39 UA-AE 76.58 82.76 4.81 91.43
Ours 91.08 81.60 82.00 81.24 Ours 77.70 82.96 5.02 91.94

3 Experiments

Dataset. We introduce a five-organ pre-training dataset comprising 59,997 US
images: (1) 9,277 breast images from ExpUNet [11], BUSIS [40], BUSI-WHU [17],
US3M [36], UDIAT [37], BCMID [30], BUS-UCLM [34], BUS-BRA [7], TUS [29],
BUID [3], and BUET-BUSD [32]; (2) 14,160 thyroid images from ThyNodule [16],
AUITD [4], DDTI [28], TG3K [10], and TUD [23]; (3) 16,452 ovary images from
PCOSGen [13, 12] and PCOS-Dataset [18]; (4) 10,692 gallbladder images from
UIdataGB [33]; and (5) 9,416 kidney images collected from KS-US [21]. We cre-
ate downstream task-specific datasets across the same organs: (1) breast datasets
comprising BUSI [2] with 780 images for benign, malignant, and normal tumor
classification and segmentation, BUSG [27] with 256 images for benign and ma-
lignant tumor classification and segmentation; (2) thyroid datasets comprising
TN3K [9, 8] with 3,493 images for benign and normal nodule classification and
thyroid nodule segmentation; (3) ovary datasets comprising MMOTU [25] with
1,202 images for segmentation and OCYST [1] with 577 images for complex and
simple cyst classification; (4) gallbladder datasets comprising GSGB [22] with
5,138 images for biliary and non-biliary atresia classification; and (5) kidney
datasets comprising OKUS [31] with 534 images for segmentation.
Implementation Details. During the training process, the images are uni-
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Fig. 2. Qualitative comparison of our DA-MAE and a supervised method, SynNet, and
three MAE-based methods, including BUS-M2AE, USFM, and UA-AE.

formly resized to 224 × 224, and random horizontal flipping is applied. All ex-
periments are carried out on NVIDIA 4090 GPUs. For the self-supervised pre-
training, we set the masking ratio r to 65%, the batch size to 256, and the training
epochs to 800. We employ the AdamW optimizer with an initial learning rate
of 1.5e-4, a weight decay of 0.05, β1 = 0.9, and β2 = 0.95. We set the values
of λortho and λadv in Eq. 4 to 0.5 and 0.02, respectively. For the downstream
tasks, we set the batch size to 64 and the training epochs to 200. We employ the
AdamW optimizer with an initial learning rate of 1e-3, a weight decay of 0.05, β1

= 0.9, and β2 = 0.95. We perform five-fold cross-validation on 80% of the data,
then select the best hyperparameter configuration to retrain a final model on all
non-test data, and finally evaluate it on the 20% test set. The tumor and organ
encoders and decoder follow the ViT-B/16 architecture of standard MAE. The
organ-specific tumor classifier adopts a two-layer multilayer perceptron (MLP).
Comparison with State-of-the-Art Methods. Table 1 shows that our DA-
MAE consistently outperforms two SOTA supervised methods, including HoVer-
Tran [26] and SynNet [41], as well as four SOTA MAE-based methods, including
BUS-M2AE [38], USFM [19], URFM [20], and UA-AE [35]. In downstream clas-
sification tasks, DA-MAE achieves near-maximum values in AUC, F1, Recall,
and Precision metrics across five US datasets. On average, DA-MAE outperforms
URFM by 1.29% AUC, 4.02% F1, 4.94% Recall, and 3.26% Precision. Specifi-
cally, on the typical BUSG and BUSI datasets, it outperforms URFM by 7.91%
higher Recall, 7.80% higher F1, and 8.22% higher Precision. In downstream seg-
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Table 2. The ablation results of our DA-MAE for downstream classification and seg-
mentation performance on two breast US datasets and a thyroid US dataset.

Baseline
MAE

Distentangling
Dual-Encoder

Organ-invariant
Adversarial

Prompt
-Guided

BUSG BUSI TN3K

AUC↑ Dice↑ AUC↑ Dice↑ AUC↑ Dice↑

✓ 66.82 63.50 86.57 71.84 74.57 74.57

✓ ✓ 68.75 64.19 88.02 74.24 76.33 74.86

✓ ✓ ✓ 74.55 64.97 88.48 74.66 77.36 75.97

✓ ✓ ✓ 76.79 68.29 89.17 76.01 78.20 77.95

✓ ✓ ✓ ✓ 78.12 69.38 90.07 77.13 78.69 78.27
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Fig. 3. Parameter experiments on downstream classification task. (a) Effect of orthog-
onal loss weight λortho and adversarial loss weight λadv. (b) Effect of masking ratio.

mentation tasks, DA-MAE consistently leads in core Dice and IoU metrics. It
outperforms UA-AE by 0.58–1.51% in Dice, specifically by 1.12% higher Dice on
the OKUS dataset. Fig. 2 further shows that the segmented results of DA-MAE
are closer to the ground-truth masks compared to the SOTA methods.
Ablation Study. Our DA-MAE improved AUC by 1.71%–6.31% and increased
Dice by 1.13%–4.96% across different module combinations. As shown in Table 2,
the disentangled dual-encoder slightly outperforms the standard MAE. Adding
the prompt-guided decoder yields further noticeable gains, indicating that or-
gan semantic guidance helps the model learn more discriminative features. The
largest consistent improvement comes from combining the disentangled dual-
encoder with organ-invariant adversarial training, suggesting that suppressing
organ-specific information effectively promotes better tumor-focused represen-
tations. Finally, integrating all components delivers the strongest downstream
performance, confirming that the synergistic interaction among these modules
can learn robust and generalizable representations from unlabeled US images.
Parameter Study. We study loss weights λortho and λadv on downstream clas-
sification across three US datasets, with results represented in Fig. 3(a). The
highest performance is achieved when λortho = 0.5 and λadv = 0.02 are used.
This demonstrates that a strong orthogonality constraint encourages meaningful
disentanglement of tumor and organ features, whereas a small adversarial weight
avoids distortion of organ features during the early pre-training stages. We fur-
ther study the impact of the masking ratio r in pre-training on downstream
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classification performance across three US datasets. As shown in Fig. 3(b), per-
formance improves with the masking ratio up to a clear peak at 65%, followed by
consistent degradation at higher ratios. This demonstrates that overly aggres-
sive masking can destroy semantically meaningful context, whereas low masking
ratios fail to force the model to learn sufficiently robust representations.

4 Conclusion

In this work, we propose an SSL framework for multi-organ US imaging that
captures tumor-common features and organ-specific characteristics. Integrat-
ing orthogonal loss, organ-invariant adversarial training, and BiomedCLIP text
prompts, it addresses the challenge of disentangling tumor signals from organ
variations. Our framework surpasses SOTA on five-organ US benchmarks with
1.93% AUC and 1.51% Dice gains. Our disentanglement paradigm can be readily
extended to CT, MR, and other clinical imaging scenarios that inherently contain
shared pathological characteristics and domain-specific anatomical variations.
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