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Abstract. Foundation models promise to unify multiple clinical tasks
within a single framework, but recent ultrasound studies report that
unified models can underperform task-specific baselines. We hypothesize
that this degradation arises not from model capacity limitations, but
from task aggregation strategies that ignore interactions between task
heterogeneity and available training data scale. In this work, we sys-
tematically analyze when heterogeneous ultrasound tasks can be jointly
learned without performance loss, establishing practical criteria for task
aggregation in unified clinical imaging models. We introduce M2DINO, a
multi-organ, multi-task framework built on DINOv3 with task-conditioned
Mixture-of-Experts blocks for adaptive capacity allocation. We systemat-
ically evaluate 27 ultrasound tasks spanning segmentation, classification,
detection, and regression under three paradigms: task-specific, clinically-
grouped, and all-task unified training. Our results show that aggregation
effectiveness depends strongly on training data scale. While clinically-
grouped training can improve performance in data-rich settings, it may
induce substantial negative transfer in low-data settings. In contrast, all-
task unified training exhibits more consistent performance across clinical
groups. We further observe that task sensitivity varies by task type in
our experiments: segmentation shows the largest performance drops com-
pared with regression and classification. These findings provide practical
guidance for ultrasound foundation models, emphasizing that aggrega-
tion strategies should jointly consider training data availability and task
characteristics rather than relying on clinical taxonomy alone.
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1 Introduction

Ultrasound imaging is a cornerstone of clinical care, including obstetrics [15],
cardiology [25], oncology [14], and point-of-care (POC) settings [21]. It enables
rapid, non-invasive, and cost-effective assessment of diverse anatomical struc-
tures at the bedside. However, ultrasound image appearance varies substan-
tially across operators, devices, and acquisition protocols, complicating robust
generalization [19,5,24]. Despite recent advances in Deep Learning (DL) for ul-
trasound, most models focus on isolated task instances (e.g., single-organ seg-
mentation [11], multi-organ classification [10], or multi-organ segmentation [2])
or limited combinations of tasks (e.g., joint classification and segmentation [9]),
rather than enabling unified multi-organ, multi-task analysis. Such specialization
limits clinical applicability, as real-world workflows require simultaneous multi-
organ and multi-task assessment. Foundation models therefore aim to streamline
deployment, promote cross-task knowledge sharing, and enable comprehensive
ultrasound analysis [1]. However, developing a single unified model that reliably
performs segmentation, detection, classification, and regression across heteroge-
neous ultrasound tasks remains an open challenge.

Recent multi-task and foundation-style approaches aim to unify clinical tasks
within a single model, thereby simplifying deployment and enabling cross-task
knowledge sharing [9,2,10,13]. While these methods report promising results on
selected task combinations, a systematic study of how task aggregation strategies
influence performance across organs and task types is still lacking. In particu-
lar, it remains unclear which tasks can be effectively unified without inducing
negative transfer, and how training data scale modulates such interactions.

To address these questions, we introduce Multi-organ and Multi-task DINO
framework (M2DINO), a DINOv3-based encoder augmented with task-conditio-
ned Mixture-of-Experts (MoE) blocks for large-scale multi-task learning across
27 ultrasound tasks spanning segmentation, classification, detection, and regres-
sion. We investigate three training paradigms: (1) task-specific (TS) training,
where each task is optimized independently; (2) clinically-grouped (CG) training,
where clinically related tasks are trained jointly; and (3) all-task unified (AU)
training, where all tasks are learned simultaneously within a single model.

Our contributions are: (1) We introduce M2DINO, a unified multi-organ,
multi-task ultrasound framework built on DINOv3 with task-conditioned MoE
for adaptive capacity allocation across heterogeneous task objectives. (2) We
introduce a structured framework for evaluating clinical task aggregation and
compatibility across organ systems and prediction types. (3) Through experi-
ments on 27 tasks, we show scale-dependent aggregation effects, identify condi-
tions under which CG training induces negative transfer, and provide practical
design guidelines for developing unified ultrasound foundation models.

2 Methodology

This section first formalizes the problem setting and training paradigms (Sec-
tion 2.1). We then detail the proposed M2DINO architecture, including the back-
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bone [22], the task-conditioned MoE, and the heads with the multi-task objective
(Sections 2.2–2.4). Fig. 1 illustrates an overview of the M2DINO framework.

2.1 Problem Setting and Training Paradigms

Let D = {Dt}Tt=1 denote a collection of T ultrasound tasks spanning segmen-
tation, classification, regression, and detection, covering diverse anatomical re-
gions. Each task Dt = {(Xt

i,Y
t
i)} consists of ultrasound images Xt

i and TS
labels Yt

i . Under the unified training paradigms, our objective is to learn a
shared encoder fθ that maps an input image X to a latent representation, which
is subsequently optimized by heterogeneous TS prediction heads.

We study how different task aggregation strategies affect model performance
and transfer behavior within a common DINOv3-based foundation model. Specif-
ically, we evaluate three training paradigms in a controlled comparison setting:

– task-specific (TS): A separate DINOv3 model is trained independently for
each task t, without any parameter sharing or cross-task interaction.

– clinically-grouped (CG): Tasks are jointly trained within predefined clini-
cal groups based on shared organ systems and examination context (e.g., ob-
stetric tasks (OB), breast imaging tasks (Breast), and lung ultrasound tasks
(Lung)). Each group shares a DINOv3 Vision Transformer (ViT) encoder
and task-conditioned MoE routing while optimizing heterogeneous predic-
tion objectives (segmentation, classification, detection, or regression).

– all-task unified (AU): All T tasks are trained simultaneously within a
single shared DINOv3 ViT encoder.

For unified settings (CG and AU), the multi-task loss function is defined as:
L =

∑T
t=1 λtLt, where T denotes the number of tasks trained jointly in the

current paradigm (e.g., [3 − 27]), and Lt denotes the TS loss and λt denotes
balancing coefficients. Unless otherwise specified, losses are equally weighted.

In our controlled comparison, all training paradigms share the same pre-
trained DINOv3 backbone, MoE configuration (when enabled), input resolution,
data pre-processing, and optimization settings. As the effective training data
size varies across paradigms (e.g., TS vs. AU), we perform a limited learning
rate search within a fixed range for each setting to ensure stable optimization,
using a consistent validation-based selection protocol. Table 1 summarizes the
experimental settings for each training paradigm.

2.2 DINO Backbone

We use the pre-trained DINOv3 [22] model as our encoder backbone. DINOv3
provides ViT-S/B/L variants; we adopt the ViT-B/16 backbone to balance
model capacity with dataset scale and computational efficiency. Given an ul-
trasound image, we convert it in RGB format to obtain the input X ∈ R3×H×W .
The DINOv3-based ViT encoder fθ produces token embeddings Z and corre-
sponding spatial feature maps F: (Z,F) = fθ(X). Unlike prior multi-task formu-
lations [23], we use spatial feature maps as the unified interface across all tasks.
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Table 1. Experimental settings for evaluating different training paradigms. Seg: seg-
mentation; Cls: classification; Reg: regression; Det: detection. MO: Multi-organ.

Training MoE # # Reg Cls Seg Det Target Clinical
Paradigm Tasks Images Anatomy Group

TS ✗ 1 1,144 ✓ Breast Breast
TS ✗ 1 1,776 ✓ Breast Breast
TS ✗ 1 208 ✓ Cervical OB
TS ✗ 1 2,818 ✓ PS/Fetal head OB
TS ✗ 1 762 ✓ Fetal abdomen OB
TS ✗ 1 624 ✓ Fetal femur OB
TS ✗ 1 1,849 ✓ Fetal head OB
TS ✗ 1 5,952 ✓ Fetal organs OB
TS ✗ 1 483 ✓ Fetal breech OB
TS ✗ 1 1,482 ✓ Lung Lung
TS ✗ 1 772 ✓ Lung Lung

CG ✓ 7 11,910 ✓ ✓ ✓ Fetal anatomy OB
CG ✓ 3 2,254 ✓ ✓ Lung Lung
CG ✓ 3 2,920 ✓ ✓ Breast Breast

AU ✓ 27 32,311 ✓ ✓ ✓ ✓ MO All

Downstream task-specific heads, including a dense prediction transformer (DPT)
decoder [18] for segmentation, take the feature maps F as input.

Although the fθ produces token embeddings, we use only the spatial feature
maps F for downstream heads. This design provides a consistent dense fea-
ture representation across segmentation, detection, classification, and regression
tasks. Using global token pooling (e.g., the classification token) could favor global
prediction tasks over dense prediction tasks such as segmentation and detection.
By adopting feature maps F as the unified interface, we maintain architectural
consistency and isolate the effect of task grouping in our compatibility analysis.

2.3 Mixture of Experts with Task-Conditioned Routing

To mitigate task interference in unified training paradigms (CG/AU), we inte-
grate task-conditioned MoE blocks into the DINOv3 encoder, inspired by [8,12].
Each task is assigned a unique identifier t, which is mapped to a learnable em-
bedding vector: et = Embedding(t). The gating network (shown in Fig. 1) con-
ditions expert selection on both token embeddings h and the task embedding
et: g (h, et) = Softmax (Wg [h; et]) . The output of the MoE block is computed
as a weighted combination of expert outputs: h′ =

∑K
i=1 gi (h, et)Ei(h), where

Ei denotes the i-th expert and K is the total number of experts. This design
enables task-adaptive capacity while maintaining a shared backbone.

Instead of integrating MoE into all ViT layers, we integrate the MoE blocks
into the later layers (layers 7 − 12, i.e., the last six layers). Early transformer
layers tend to encode generic low-level image representations, while later layers
encode task-specific representations [4]. Restricting MoE blocks to later layers
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Fig. 1. Overview of our M2DINO framework. (a) Ultrasound images are processed by
a shared DINOv3 encoder augmented with task-conditioned MoE blocks. The unified
representation is optimized for segmentation, detection, regression, and classification
via task-specific prediction heads. Frozen and trainable components are indicated. (b)
A conceptual comparison of the three training paradigms. Although the architecture
remains the same, task-specific (TS), clinically-grouped (CG), and all-task unified (AU)
differ in how tasks are aggregated during training and in whether the MoE is enabled.

enables efficient conditional capacity allocation. Given the scale of our dataset
(32,311 training and 8,077 validation samples), we adopt a partial-MoE design
to balance task-adaptive capacity with computational efficiency.

2.4 Task-Specific Heads and Multi-Task Learning

For four different task types, including segmentation, classification, regression,
and detection, we develop four lightweight heads to improve computational effi-
ciency. Let F denote the shared feature maps produced by fθ. Each task employs
a lightweight prediction head ht to output ŷt = ht(F), where the head parame-
ters are task-specific. For segmentation tasks, we adopt a DPT-style [18] decoder
to generate dense pixel-wise predictions. Classification and regression tasks uti-
lize global pooling followed by fully connected layers, while detection tasks adopt
a task-specific detection head.

Each task is optimized using an appropriate loss function Lt. Specifically,
we use Dice loss for segmentation, cross-entropy loss for classification, and L1
loss for regression. For detection, we use a single-stage detection loss combining
focal loss for pixel-wise supervision and Smooth L1 loss for normalized bounding
box regression at the corresponding ground-truth center cell. For unified settings
(CG/AU), the overall objective is defined in Sec 2.1.
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3 Experiments

Dataset. The dataset is designed to evaluate the model’s ability to generalize
across four fundamental task categories:

– Segmentation (12 tasks): Pixel-level annotations for fetal organs (e.g., the
head, heart, and abdomen), maternal structures, and lesions. The training
set contains 16,615 samples and the test set includes 2,674 samples.

– Classification (9 tasks): Includes fetal standard-plane and fetal position
classification, lung disease recognition, and tumor malignancy assessment.
The training set has 16,361 samples, and test set has 2,727 samples.

– Detection (3 tasks): Localization of thyroid nodules, uterine fibroids, and
spinal cord injuries (4,333 training / 725 test samples).

– Regression (3 tasks): Biometric measurements including angle of progres-
sion, cervical length, and fetal femur length. The training set includes 3,078
samples, and the test set contains 617 samples.

During training, 20% of the training data are selected for validation.

Implementation Details. All methods were trained for 200 epochs with a batch
size of 16 using AdamW (initial learning rate 1e− 5, weight decay 1e− 4). The
backbone learning rate was set to 2e−5, the DPT head to 1e−5, MoE to 2e−4,
and task-specific heads to 1e− 3 to accelerate convergence. Implementation was
based on PyTorch (2.1.2) and Segmentation Models PyTorch [7] with CUDA
(12.2), and experiments were conducted on a NVIDIA 4090 GPU. Models were
evaluated on the validation set after each epoch, and the best-performing model’s
weights were saved. Data augmentation and preprocessing followed standard
protocols. Full implementation details and code are available at: GitHub.

Evaluation Metrics. We define standardized evaluation metrics for each of the
task types: Segmentation: We report the Dice Similarity Coefficient (DSC)
[3] for region overlap and Hausdorff Distance (HD) [6] for boundary accuracy.
Classification: We use the Area Under the Curve (AUC) [17], F1-score [20], and
Matthews Correlation Coefficient (MCC) [16]. Detection: We use the Intersection
over Union (IoU) [26] to measure the localization accuracy of predicted bounding
boxes. Regression: The Mean Radial Error (MRE), reported in pixels, reflects
the real-world clinical measurement precision, as it is computed at the original
image resolution (i.e., predictions are mapped back from resized inputs).

4 Results

Fig. 2 presents absolute performance comparisons across training paradigms. In
the data-rich obstetrics (OB) group (11,910 training samples), both CG and AU
training paradigms generally improve over TS on most tasks. Specifically, AU
reduces cervial regression error (MRE: 30.4 → 15.6) and increases fetal abdomen
segmentation overlap (DSC: 0.217 → 0.481). For fetal head segmentation and

https://anonymous.4open.science/r/Multitask_Foundation_model_for_ultrasound-2B70
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Fig. 2. Absolute performance of TS, CG, and AU training paradigms across represen-
tative tasks: segmentation (DSC ↑), classification (AUC ↑), and regression (MRE ↓).
Abd: Abdomen; MO: Multi-organ.

multi-organ classification, CG and AU yield small, modest gains. However, the
Breast and Lung groups exhibit different trends. AU improves lung classification
(AUC: 0.396 → 0.525). In contrast, CG shows large performance drops in breast
lesion segmentation (DSC: 0.713 → 0.145) and lung segmentation (DSC: 0.801 →
0.576). These results suggest that task aggregation strategies (CG/AU) benefit
from data-rich settings, whereas CG is less reliable in low-data settings.

To quantify task aggregation effects, Fig. 3 reports relative performance
changes with respect to TS. It shows that the impact of CG and AU depends
strongly on data scale. In the OB group (11,910 training samples), both AU and
CG outperform TS across most tasks, with the largest improvements in regres-
sion and segmentation. CG shows a 5.1% performance drop in fetal abdomen
segmentation. In contrast, CG shows significant performance drops in smaller
groups (Breast and Lung), especially in breast lesion segmentation (-79.7%). By
comparison, AU exhibits comparatively less performance changes (-4.9%). These
results suggest that task aggregation interacts strongly with data availability,
and that CG is more prone to negative transfer in low-data settings.

Table 2 summarizes the group-wise average performance change relative to
TS training. CG yields positive improvements in the OB (∆ = +2.93; 11,910
samples), but shows slight average decreases in Breast (∆ = −0.29) and Lung
(∆ = −0.07). In contrast, AU exhibits more stable performance across datasets
(+3.76 in OB, −0.02 in Breast, and +0.07 in Lung) and generally outperforms
CG in smaller-scale settings. These results suggest that the effectiveness of CG
training paradigm depends strongly on data scale.

5 Discussion

Our study shows that the effectiveness of task aggregation strategies (clinically-
grouped (CG)/all-task unified (AU)) in ultrasound imaging is strongly depen-
dent on training data scale. In the data-rich obstetrics (OB) group, both CG and
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Breast

Breast lesion

Lung

Lung

Cervical

Fetal Abd

Fetal MO

Fetal head

AU CG

TS

TS

Fig. 3. Relative performance change (∆, %)
with respect to TS.

Table 2. Group-wise average perfor-
mance change (∆) relative to TS. Pos-
itive values indicate improvement; for
regression (MRE), the sign is adjusted
accordingly.

Group #
∆(CG) ∆(AU)Images

OB 11,910 +2.93 +3.76
Breast 2,920 −0.29 −0.02
Lung 2,254 −0.07 +0.07

AU improve performance over task-specific (TS) (Table 2). However, in smaller
groups (Breast and Lung), CG induces significant negative transfer, indicating
that clinical grouping alone does not guarantee positive transfer.

Importantly, AU shows more stable performance across groups and fewer
large performance drops than CG (Fig. 3). This suggests that broader task ag-
gregation may provide a regularizing effect that reducing overfitting when data
are limited. Our findings highlight that partial grouping (i.e., CG) can be more
prone to negative transfer in small datasets, whereas all-task aggregation yields
more reliable transfer behavior.

Furthermore, we observe task-type-dependent effects in our experiments. Seg-
mentation shows the largest performance drops and negative transfer, while re-
gression and classification remain comparatively stable (Fig. 2). These results
suggest that the design of aggregation strategies for foundation models should
consider clinical taxonomy together with data scale and task characteristics.

This study has several limitations. First, we focus on a single backbone
(DINOv3) and predefined clinical grouping strategies. Alternative architectures,
such as ultrasound-specific foundation models (e.g., USFM [9] and TinyUSFM
[13]), or data-driven grouping schemes, may lead to different outcomes. Sec-
ond, our analysis is limited to ultrasound imaging. Future work should examine
whether similar transfer patterns generalize to other 2D modalities (e.g., ra-
diography or digital pathology) as well as 3D domains such as CT and MRI.
Despite these limitations, our findings provide empirical evidence that aggrega-
tion strategy and data scale are important factors influencing the performance
and stability of unified medical foundation models.

6 Conclusion

We present a large-scale empirical analysis of task aggregation strategies for
multi-task ultrasound foundation models across 27 heterogeneous clinical tasks.
Our findings show that aggregation effectiveness is governed not only by clini-
cal taxonomy but also by data scale and task characteristics. Clinically-grouped
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aggregation improves performance in data-rich settings but can induce negative
transfer in low-data settings. In contrast, anatomy-agnostic aggregation pro-
vides more stable cross-task transfer. Segmentation tasks are particularly sensi-
tive to aggregation design, underscoring the need for principled task selection.
These results demonstrate that naive task scaling does not guarantee improved
foundation models and provide practical guidelines for constructing reliable and
scalable ultrasound foundation models, with implications for broader medical
imaging applications.
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