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Abstract. Ultrasound imaging is widely used for disease diagnosis in
clinical practice due to its non-invasive and portable advantages. How-
ever, current deep learning-based models are predominantly designed for
specific organs or tasks, leading to performance with limited cross do-
main generalization and insufficient exploitation of available ultrasound
data such as ultrasound images and videos. To address this limitation,
we propose UIV-US, a unified multi-organ and multi-task framework for
ultrasound image and video understanding across B-mode and contrast-
enhanced ultrasound (CEUS). UIV-US operates within a shared pa-
rameter space to jointly support segmentation and classification tasks
across both images and videos, enabling consistent representation learn-
ing across modalities and temporal settings. We design a Structured Se-
mantic Conditioning Prompt (SSCP) that comprises five semantic at-
tributes grouped into structural and spatial priors for adaptive condi-
tioning of shared features, forming the foundation for scalable learning
from large-scale ultrasound datasets. To further bridge image and video
reasoning, a Memory-Reinforced Temporal Attention (MRTA) is intro-
duced to ensure temporal consistency for video segmentation, while a
segmentation-aware Feature-Level Attention (FLA) strategy performs
reliable temporal aggregation for video classification. Extensive exper-
iments on a large-scale multi-organ benchmark comprising 27,804 seg-
mentation images, 7,320 classification images, and over 1,400 ultrasound
videos demonstrate the effectiveness of UIV-US. The proposed frame-
work achieves 89.81% Dice Similarity Coefficient for image segmentation,
96.28% for video segmentation, and 89.26% for CEUS segmentation. For
classification, it reaches 85.76% Area Under the ROC Curve on image,
80.32% on video and 72.16% on CEUS, demonstrating strong perfor-
mance across tasks. The code is available at https://github.com/miccai26-
1426/UIV-US.

https://github.com/miccai26-1426/UIV-US
https://github.com/miccai26-1426/UIV-US
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1 Introduction

Ultrasound imaging is one of the most widely used diagnostic tools in clinical
practice and produces large-scale heterogeneous data across organs, modalities,
and temporal settings [27]. A routine examination may simultaneously involve
structural delineation, perfusion assessment, and diagnostic classification within
a single session.

Despite the rapid progress of deep learning, most existing ultrasound analysis
methods remain task- and organ-specific. Dedicated segmentation [14] and clas-
sification [7] networks dominate conventional B-mode applications, while CEUS
approaches exploit contrast dynamics via cross-modality fusion [21] and tem-
poral modeling [3]. For ultrasound videos, spatiotemporal aggregation [13] and
lightweight temporal modules [23] are introduced for classification and segmen-
tation. Although these methods achieve strong performance within restricted
settings, image and video modeling are typically developed as separate pipelines,
limiting parameter sharing and scalability.

To improve generalization, recent studies have explored multi-task and gener-
alizable representation learning for ultrasound analysis. Large-scale pretraining
frameworks such as USFM [10] and TinyUSFM [18] aim to learn transferable
representations, and multi-organ segmentation strategies with shared represen-
tations and anatomical priors [4] have been investigated. In parallel, prompt-
based paradigms establish flexible task conditioning mechanisms. Specifically,
SAM [11] and SAM2 [25] introduce prompt-conditioned segmentation for images
and videos, and medical adaptations including MedSAM [19], SAM-Med2D [5],
and SAMUS [15] extend this strategy to clinical domains. More recent prompt-
able frameworks such as UniUSNet [16] and PerceptGuide [17] support joint
segmentation and classification for ultrasound images. However, most existing
approaches remain predominantly image-oriented or segmentation-focused, and
explicit unification of image and video reasoning across multiple ultrasound
modalities within a single multi-task framework remains limited.

Motivated by these observations, we propose UIV-US, a unified multi-task
image–video modeling framework for B-mode and contrast-enhanced ultrasound
(CEUS). UIV-US operates within a shared parameter space to jointly support
image and video segmentation and classification. To adapt shared representations
to diverse clinical scenarios without increasing model complexity, we employ
structured semantic conditioning and lightweight temporal reasoning within a
single architecture.
Contributions: (1) We propose UIV-US, a shared-parameter ultrasound frame-
work that unifies image and video segmentation and classification across B-mode
and CEUS under a single architecture. (2) We design a Structured Semantic Con-
ditioning Prompt (SSCP) mechanism that organizes five semantic attributes into
structural and spatial priors to adaptively condition shared intermediate fea-
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tures, providing a scalable foundation for learning from large-scale ultrasound
datasets. (3) We introduce a temporal modeling scheme within the shared ar-
chitecture: a Memory-Reinforced Temporal Attention (MRTA) module that en-
forces temporally consistent segmentation through dynamic memory encoding
and cross-attention, and a Feature-Level Attention (FLA) strategy that enables
segmentation-aware frame aggregation for video classification.

2 Method
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Fig. 1. The overview of UIV-US. The framework shares a Transformer encoder across
segmentation and classification tasks, with SSCP for adaptive modulation. MRTA en-
sures temporal consistency for video segmentation, while FLA performs feature-level
aggregation for video classification.

2.1 Overall Architecture

UIV-US is a universal multi-organ and multi-task model for unified ultrasound
image and video understanding across B-mode and CEUS, as illustrated in Fig. 1.
A single shared encoder is jointly optimized for segmentation and classification,
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while SSCP inject structural and spatial priors to adaptively modulate the shared
representation space. For video inputs, temporal consistency is modeled through
MRTA for segmentation and FLA for classification, enabling unified spatiotem-
poral reasoning within the same parameter space.

2.2 Structured Semantic Conditioning Prompt (SSCP)

We introduce an SSCP mechanism that dynamically adapts the shared repre-
sentation space without duplicating model parameters.

Given a sample, a structured semantic prompt is built from five attributes,
which are organized into two types of priors. The structural priors (Task, Target,
Mode, and Modality) are injected via learnable feature modulation, while Posi-
tion is modeled as a spatial prior through spatial bias. These attributes are prede-
fined categorical metadata obtained from task settings and dataset/examination
labels and are available before model input. For each attribute a ∈ A, a one-
hot vector pa is mapped through a learnable prompt bank as ea = paWa.
For the four structural attributes, (γa,βa) = MLPa(ea) modulates an inter-
mediate feature as h′ = h ⊙ (1 + tanh(γa)) + βa. For Position, we compute
cpos = MLPpos(epos) and apply the spatial bias h′

xy = hxy + cposBxy, where
Bxy = (x+ y)/2 and x, y ∈ [−1, 1].

Instead of concatenating prompt information to the input, SSCP modu-
lates intermediate feature representations within the shared backbone. Different
semantic components are injected at different depths of the network. Coarse-
grained attributes such as modality and mode influence early layers, while task-
and target-specific priors refine higher-level semantic features.

Importantly, SSCP introduces only lightweight conditioning layers, while
backbone parameters remain shared across tasks and modalities. This design
maintains a unified parameter space and enables flexible adaptation to diverse
clinical scenarios without requiring task-specific model duplication. Since all at-
tributes are predefined metadata, SSCP is deterministic and reproducible and
requires no additional manual annotation at test time.

2.3 Spatiotemporal Reasoning and Unified Multi-Task Learning

For video inputs, segmentation adopts explicit memory-based temporal reason-
ing via Memory-Reinforced Temporal Attention (MRTA), whereas classifica-
tion performs feature-level temporal aggregation using Feature-Level Attention
(FLA) within the shared architecture.

Memory-Reinforced Temporal Attention (MRTA) for Video Segmen-
tation. For video segmentation (T > 1), the standard encoder-decoder pipeline [11]
is augmented with an MRTA to enforce temporal consistency across frames.

After predicting the segmentation mask Ŷt for frame t, MRTA encodes a
spatial memory representation

Mt = Emrta(Ft, Ŷt), (1)
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where Ft denotes backbone features and Emrta represents the MRTA encoder.
The encoded memory is stored in a dynamic MRTA bank with K frames per
video, containing conditioned reference frames and recent historical frames.

Before decoding frame t+ 1, the feature Ft+1 is refined by MRTA:

F̃t+1 = Amrta(Ft+1, {M≤t}), (2)

where Amrta denotes multi-head cross-attention over aggregated memory tokens
derived from the encoded reference and recent frames. This refinement enhances
inter-frame interaction and improves temporal stability without introducing re-
current networks or heavy video transformer architectures.

Feature-Level Attention (FLA) for Classification. Let P = {ea}a∈A de-
note the SSCP embeddings. For image inputs (T = 1), classification operates on
a segmentation-aware representation

z = Hfeat(I, F̃, Ŷ , P ), (3)

where global and mask-guided ROI representations are adaptively fused based
on mask reliability. The final prediction is obtained via the shared classification
head, i.e., Ĉ = Hcls(z).

For video inputs (T > 1), frame-level representations {zt}Tt=1 are first ex-
tracted using the same head:

zt = Hfeat(It, F̃t, Ŷt, P ). (4)

Feature-Level Attention (FLA) aggregates them into a video-level representa-
tion, where st denotes a learnable scalar importance score for frame t.

zvideo =

T∑
t=1

αtzt, αt =
exp(st)∑T

k=1 exp(sk)
, (5)

which is then fed into the same classification head to produce video-level predic-
tion, i.e., Ĉ = Hcls(zvideo).

3 Experiments

3.1 Experimental Setup

Experiments are conducted on a large-scale multi-organ ultrasound benchmark
(UM2-US) covering both B-mode and CEUS modalities. For image segmenta-
tion, we include BUS-BRA[8], TN3K [24], MMOTU [29], Fetal_HC [9], kid-
neyUS_capsule [26], and EchoNet-Dynamic [22], totaling 27,804 images. For
image classification, BUS-BRA, TN3K, Fatty-Liver [2], and Appendix [20] are
used, comprising 7,320 labeled images. Video segmentation is evaluated on CA-
MUS [12], while video classification uses a private breast ultrasound dataset
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Table 1. Validation comparison of UIV-US with SOTA pretrained models on UM2-US.
We present the mean DSC over all segmentation datasets, and mean AUC/Accuracy
over all classification datasets.

Model Task Mode Prompt Seg(DSC↑) Cls(AUC↑/Acc↑)

Image

SAM [11]

Seg

zero-shot Box 71.23% -
SAM [11] zero-shot Point 37.13% -

SAM-Med2D [5] zero-shot Box 69.00% -
SAM-Med2D [5] zero-shot Point 31.24% -
SAM-Med2D [5] fine-tune Box 69.56% -
SAM-Med2D [5] fine-tune Point 72.95% -
MedSAM [19] zero-shot Box 78.21% -
MedSAM [19] fine-tune Box 67.25% -
SAMUS [15] fine-tune Point 85.91% -

UniUSNet [16] Seg
& Cls

- One-hot 82.62% 78.64%/79.95%
PerceptGuide [17] - 87.62% 79.33%/80.69%

Ours All - Dual-Priors 89.81% 85.76%/82.23%

Video
SAMUS [15] Seg fine-tune Point 92.35% -
MemSAM [6] Seg fine-tune Point 95.23% -

Ours All - Dual-Priors 96.28% 80.32%/86.33%
CEUS Ours All - Dual-Priors 89.26% 72.16%/77.33%

Breast∗ (300 videos). CEUS segmentation and classification are further eval-
uated on two private datasets, CEBreast∗ (300 videos) and CEThyroid∗ (300
videos).

All data are split at the patient level into 70%/10%/20% training, validation,
and testing sets. The model is implemented in PyTorch and optimized using
AdamW with an initial learning rate of 5 × 10−4 and weight decay of 0.001.
Training is performed in two stages: segmentation is first optimized with the
classification branch frozen, followed by classification training with the encoder
and segmentation branch frozen. We employ Dice and cross-entropy losses for
segmentation, and cross-entropy loss for classification.

BUS-BRA

EchoNet
-Dynamic

Fetal_HC

kidneyUS
capsule

MMOTU

540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm 540 mm
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CAMUS
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Fig. 2. Qualitative results of UIV-US across multiple datasets, with more accurate
predictions on the left and slightly less precise results on the right. Yellow regions
denote the overlap between prediction and ground truth, green and red regions denote
false positives and false negatives, respectively.



Unified Image-Video Ultrasound Modeling 7

Table 2. Ablation results of SSCP, MRTA, and FLA. DSC is reported for segmentation
and AUC for classification. Inter-frame Dice (IF-D, ↑) and Area Variation (AV, ↓)
measure temporal stability.

Task Variant / Method Image Video CEUS Stability (Video)
DSC↑ AUC ↑ DSC↑ AUC↑ DSC↑ AUC ↑ IF-D ↑ AV ↓

All Task

W/o SSCP 87.34% 82.94% 94.72% 76.24% 86.51% 68.27% – –
W/o FiLM 87.29% 84.81% 94.79% 77.26% 88.29% 71.39% – –

W/o SpatialBias 89.15% 83.27% 95.50% 79.83% 89.02% 69.91% – –
Ours 89.81% 85.76% 96.28% 80.32% 89.26% 72.16% – –

Video & CEUS
Seg.

W/o MRTA – – 93.12% – 83.81% – 86.47% 0.2003
MRTA(K=1) – – 94.49% – 87.23% – 95.84% 0.0529
MRTA(K=3) – – 95.00% – 86.62% – 97.33% 0.0451
MRTA(K=6) – – 95.43% – 87.12% – 97.49% 0.0410
Ours(K=10) – – 96.28% – 89.26% – 97.59% 0.0382

Video & CEUS
Cls.

Mean pooling – – – 76.15% – 69.83% – –
Max pooling – – – 74.51% – 66.37% – –

Transformer pooling – – – 79.83% – 71.24% – –
FLA – – – 80.32% – 72.16% – –

3.2 Comparison with State-of-the-Art Methods

We conduct systematic comparisons across multiple ultrasound tasks to evaluate
the overall performance of the proposed framework. As existing models are pri-
marily designed for individual tasks, UIV-US is compared against task-specific
state-of-the-art (SOTA) methods for each corresponding setting.

For image segmentation, we compare with representative SAM-based base-
lines, including SAM [11], MedSAM [19], SAM-Med2D [5], and SAMUS [15]. For
video segmentation, we compare with video-adapted SAMUS and MedSAM, as
well as the memory-based method MemSAM [6]. For image classification and
multi-task learning, we further compare with unified frameworks such as UniUS-
Net [16] and PerceptGuide [17].

Table 1 presents quantitative comparisons with representative SOTA meth-
ods across image and video segmentation as well as classification tasks. For im-
age segmentation, zero-shot SAM-based models achieve moderate performance.
Fine-tuning improves performance but remains sensitive to prompt type. Domain-
specific models such as SAMUS achieve stronger results, demonstrating the im-
portance of task adaptation in ultrasound settings. For video segmentation,
MemSAM achieve competitive DSC scores. In unified multi-task settings, ex-
isting approaches (UniUSNet and PerceptGuide) demonstrate promising joint
learning capability for segmentation and classification.

In contrast, UIV-US consistently achieves superior performance across all
tasks, reaching 89.81% DSC for image segmentation, 96.28% for video segmen-
tation, and 89.26% for CEUS segmentation. Classification performance also im-
proves to 85.76%/82.23% (AUC/Acc) for image tasks and 72.16%/77.33% for
CEUS. Qualitative results are illustrated in Fig. 2. These results demonstrate
the effectiveness of structured semantic prompting and unified optimization.

3.3 Ablation Study

To validate the effectiveness of SSCP, MRTA, and FLA, we remove each module
individually under the same experimental setting. The results are presented in
Table 2.
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For SSCP, we evaluate three variants: w/o SSCP, w/o FiLM, and w/o Spatial-
Bias. Removing SSCP degrades performance across all tasks, confirming the ef-
fectiveness of prompt-guided modulation. Both FiLM and SpatialBias contribute
complementary improvements, and the full model achieves the best overall per-
formance. For MRTA, we compare w/o MRTA and different memory lengths
(K = 1, 3, 6, 10), and evaluate temporal stability using Inter-frame Dice (IF-
D) and Area Variation (AV). Removing MRTA significantly reduces video DSC
(93.12%) and temporal stability (IF-D: 86.47%, AV: 0.2003). Increasing memory
length consistently improves both accuracy and consistency, with the best per-
formance achieved at K = 10. For FLA, we replace it with mean pooling, max
pooling, and Transformer pooling. FLA achieves the best results, demonstrating
the advantage of adaptive feature aggregation.

3.4 External Validation

To evaluate cross-domain generalization, we further conduct segmentation ex-
periments on external ultrasound datasets, including BUSI [1], BUSIS [28], and
DDTI [24], which are not used during training. UIV-US achieves DSC scores of
73.99%, 89.76%, and 67.83% on BUSI, BUSIS, and DDTI, respectively, main-
taining competitive performance across domains. These results demonstrate the
robustness and transferability of the proposed framework beyond the training
datasets.

To examine the hierarchical evolution of feature representations, we analyze
encoder and decoder features using kNN purity and centroid cosine distance. As
shown in Fig. 3, encoder features exhibit stronger domain clustering, whereas de-
coder features show enhanced cross-domain alignment. This progressive change
indicates a transition from domain-aware encoding to task-aligned decoding,
suggesting reduced domain discrepancy in the decoder representation in the
proposed framework.
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Fig. 3. Encoder-to-decoder feature evolution across all segmentation datasets. (a) kNN
purity under cosine similarity for encoder and decoder representations across different
neighborhood sizes K. (b) Inter-dataset centroid cosine distance matrices.
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4 Conclusion

In this work, we present UIV-US, a unified multi-organ and multi-task frame-
work for B-mode and CEUS ultrasound image and video understanding. Built
upon a shared parameter space with structured and spatial semantic condition-
ing, the proposed model jointly supports segmentation and classification tasks
across image and video within a single architecture. Through memory-reinforced
temporal attention for video segmentation and feature-level attention for clas-
sification, UIV-US effectively exploits both spatial and temporal information
without introducing task-specific model duplication. Extensive experiments on
large-scale multi-organ benchmarks demonstrate consistent improvements over
task-specific baselines, as well as generalization to three unseen external datasets.
These results suggest that unified semantic-conditioned modeling provides an ef-
fective and scalable paradigm for comprehensive ultrasound analysis.
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