
HAR-MoE: Hierarchical Affinity-aware Routing
Mixture-of-Experts for Unified Multi-Organ

Ultrasound Analysis

Yajun Mu1,2, Yong Chen2, Shuhan Yang3, Jun Gao2, Qicheng Lao4,
Kang Li1,2*, and Qingbo Kang2 *

1 School of Computing and Artificial Intelligence, Southwest Jiaotong University
2 West China Biomedical Big Data Center, West China Hospital, Sichuan University

3 Pittsburgh Institute, Sichuan University, Chengdu, China
4 School of Artificial Intelligence, Beijing University of Posts and

Telecommunications, Beijing, China

Abstract. Developing unified models for multi-organ ultrasound analy-
sis is inherently challenging due to the conflicting optimization dynamics
between dense pixel-level segmentation and sparse image-level classifica-
tion. Existing Mixture-of-Experts (MoE) architectures often fail in this
heterogeneous setting, suffering from expert dilution, where purely data-
driven routers are dominated by dense segmentation gradients, leading
to the collapse of experts intended for sparse tasks. To address this,
we propose HAR-MoE (Hierarchical Affinity-aware Routing MoE). Un-
like monolithic routers, HAR-MoE introduces a two-stage hierarchy: a
task-conditioned coarse stage first screens experts to balance gradient
density, followed by an organ-conditioned fine stage for anatomical spe-
cialization. We further incorporate learnable affinity priors to explicitly
decouple optimization logic from representation learning. Extensive ex-
periments on 15 heterogeneous ultrasound datasets spanning 7 organs
demonstrate that HAR-MoE consistently achieves superior performance
across both segmentation and classification tasks. Notably, our frame-
work boosts fine-grained diagnosis by over 16% (F1-score), confirming
its efficacy in mitigating negative transfer in unified multi-organ ultra-
sound analysis. Code: https://github.com/kzxl0721/HAR-MoE.

Keywords: Ultrasound Image Analysis · Mixture-of-Experts · Multi-
Task Learning · Unified Model.

1 Introduction

Ultrasound imaging is vital for clinical diagnosis due to its real-time, safe, and
cost-effective nature [16,25]. There is growing interest in unified models for multi-
organ analysis, performing tasks from dense pixel-level segmentation to sparse
image-level classification [11]. However, these tasks differ in optimization dynam-
ics: segmentation requires dense pixel-wise gradients, while classification relies on
* Corresponding authors: likang@wchscu.cn, kangqingbokb@gmail.com.
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Fig. 1. Comparison of MoE routing paradigms. Conventional (a) single-pool, (b)
parallel-pool, and (c) condition-driven routing strategies rely on flat decisions. In con-
trast, our (d) hierarchical routing employs two-stage task and organ condition for
structured, precise expert specialization.

sparse semantic reasoning [22,30]. Conflating these heterogeneous tasks within a
unified model often leads to negative transfer, where dominant dense gradients
overwhelm sparse ones, causing mode collapse in classification.

Mixture-of-Experts (MoE) enables conditional computation [24], yet current
designs struggle with gradient conflicts in medical imaging. Data-driven single-
pool routing (Fig. 1a) suffers from expert dilution, where dense segmentation gra-
dients dominate routing, leaving classification experts under-trained [30]. While
parallel multi-pool (Fig. 1b) or condition-driven strategies (Fig. 1c) alleviate
interference, they often hinder shared representation learning or entangle opti-
mization logic with anatomical appearance [29,13]. Crucially, these limitations
stem from a structural misalignment: task identity governs optimization dy-
namics, whereas organ identity reflects anatomical patterns. Conflating these
distinct inductive roles within flat routing spaces exacerbates conflict, necessi-
tating explicit decoupling of task objectives from anatomical variation (Fig. 1d).

To this end, we propose HAR-MoE: Hierarchical Affinity-aware Routing
Mixture-of-Experts, a unified framework that decouples task optimization from
anatomical representation. Instead of a monolithic routing process, HAR-MoE
employs a two-stage hierarchy: a task-conditioned coarse stage first filters experts
to mitigate gradient dominance, followed by an organ-conditioned fine stage for
anatomical specialization. We further introduce learnable affinity priors to sta-
bilize routing, ensuring sparse classification receives dedicated expert capacity.
Our main contributions are:

1. We identify expert dilution driven by gradient asymmetry as the primary
cause of negative transfer in unified ultrasound MoEs. Our analysis reveals
that simply scaling up expert capacity fails to resolve this conflict, necessi-
tating a structural decoupling of optimization objectives.

2. We propose a hierarchical affinity-aware routing mechanism that explicitly
disentangles task optimization logic from anatomical representation. By in-
corporating learnable affinity priors, our framework ensures stable, seman-
tically consistent expert specialization without the need for explicit routing
supervision.
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3. Extensive experiments on 15 heterogeneous datasets demonstrate that HAR-
MoE achieves state-of-the-art performance across all tasks. Crucially, it re-
solves expert dilution, boosting fine-grained breast subtype classification by
over 16% in F1-score while maintaining superior accuracy in dense segmen-
tation.
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Fig. 2. Overview of the proposed HAR-MoE. It unifies heterogeneous dense segmen-
tation and sparse classification across diverse organs within a shared ViT. To mitigate
gradient conflicts, standard FFNs are replaced by a two-stage hierarchical routing MoE:
a task-conditioned coarse stage screens candidate experts for optimization decoupling,
followed by an organ-conditioned fine stage for precise anatomical specialization.

2 Methods

2.1 Problem Definition and Overall Framework

We formulate unified multi-organ ultrasound analysis under heterogeneous su-
pervision, comprising dense pixel-level segmentation (Tseg) and sparse image-
level classification (Tcls). Our objective is a shared Vision Transformer (ViT)
backbone (Fig. 2) that extracts task-agnostic representations while condition-
ing computation on optimization objectives and anatomical contexts. To miti-
gate negative transfer from conflicting gradient dynamics, we replace the Feed-
Forward Networks (FFNs) in selected blocks with HAR-MoE layers. Unlike
monolithic routing, HAR-MoE directs tokens through an expert hierarchy guided
by learned affinity priors, followed by lightweight task-specific prediction heads.
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2.2 Hierarchical Affinity-Aware Routing

The core of HAR-MoE is a routing mechanism that explicitly decomposes expert
selection into task-level and organ-level decisions. By disentangling these orthog-
onal factors via a two-stage strategy, we prevent dense segmentation gradients
from overwhelming sparse classification tasks.

Factorized Dynamic Affinity Modeling Instead of relying solely on a purely
data-driven gating network, we inject structured inductive biases into the routing
mechanism through decoupled affinity modeling. Let T and C denote the number
of task and organ categories, respectively. Let t ∈ {1, . . . , T} and c ∈ {1, . . . , C}
denote the corresponding task and organ indices. Let M denote the total number
of experts, with m ∈ {1, . . . ,M} indexing individual experts. We introduce two
learnable affinity matrices:

– Task Affinity Matrix AT ∈ RT×M , where AT [t,m] models the global
compatibility between task t and expert m.

– Organ Affinity Matrix AO ∈ RC×M , where AO[c,m] captures the pref-
erence of expert m for organ c.

From a probabilistic viewpoint, expert routing can be interpreted as approx-
imating the posterior distribution p(m | z, t, c) over the discrete expert variable
m, conditioned on image features z, task identity t, and organ identity c. The
routing logits adopt a log-additive form:

log p(m | z, t, c) ∝ f(z)m +AT [t,m] +AO[c,m], (1)
where f(z)m denotes the instance-dependent score produced by the router MLP.
Under a factorized prior assumption p(m | t, c) ≈ p(m | t) p(m | c), the affinity
matrices can be interpreted as log-priors:

AT [t,m] ≈ log p(m | t), AO[c,m] ≈ log p(m | c). (2)
This structured decomposition decouples optimization-related preferences

(task) from anatomical specialization (organ), providing a stable inductive bias
during early training.

Two-Stage Hierarchical Routing Let Z = [z1, . . . , zL] ∈ RL×D denote the
token embeddings produced by the transformer block. We first aggregate global
contextual information via average pooling to obtain an image-level representa-
tion z̄ = 1

L

∑L
i=1 zi. Expert routing is performed at the image level and shared

across all tokens, since both task identity and organ identity are image-level
conditions in our setting.

Stage 1: Task-Conditioned Coarse Routing. This stage aims to screen experts
based on optimization objectives to mitigate gradient conflict. For a sample
associated with task index t, we compute the coarse routing logits ltask ∈ RM
and select the top-K1 experts to form a candidate set Stask as follows:

ltask = fϕ(z̄) +AT [t], Stask = TopK(ltask,K1). (3)
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Stage 2: Organ-Conditioned Fine Routing. This stage refines the selection based
on anatomical characteristics. Using the organ index c, we compute fine-grained
logits lorgan ∈ RM :

lorgan = fψ(z̄) +AO[c], (4)
where fϕ(·) and fψ(·) are lightweight MLP routers.

To ensure hierarchical consistency, we mask experts strictly outside the can-
didate set Stask (by setting their logits to −∞). The gating weights are then
computed via a temperature-scaled Softmax over the valid candidates:

gm =
exp(lorgan,m/τ)∑

j∈Stask
exp(lorgan,j/τ)

, ∀m ∈ Stask, (5)

where τ = 1 is a temperature hyper-parameter. Finally, we select the top-K2

experts from this subset to form the final active set Sfinal, which reduces uncon-
strained expert switching compared with hard Top-K over the full expert pool.
. The MoE output is computed via residual aggregation:

Y = Z+
∑

m∈Sfinal

gmEm(Z), (6)

where Em(·) denotes the m-th SwiGLU-based expert network [23].

2.3 Task-Conditional Training Objective

Given the heterogeneous nature of the tasks, HAR-MoE adopts a task-conditional
alternating optimization strategy. In each iteration, a mini-batch is sampled from
a specific task dataset, and the loss function is dynamically adjusted:

Ltotal =

{
Lseg + λLaux, if Tseg,

Lcls + λLaux, if Tcls.
(7)

Here, Lseg is the combination of Dice and Cross-Entropy loss for segmentation,
Lcls is the standard Cross-Entropy loss for classification, and Laux denotes the
MoE load-balancing regularization term weighted by λ. This formulation avoids
manual weighting between dense and sparse losses, further mitigating negative
transfer.

3 Experiments

3.1 Experimental Setup

Datasets and Tasks We evaluate HAR-MoE on the UUSIC25 benchmark [14],
a large-scale heterogeneous ultrasound suite from the UUSIC 2025 Challenge 5.
As summarized in Table 1, it spans 7 organs and covers two task types: image-
level classification and pixel-level segmentation. Since the official test set is with-
held, we adopt a reproducible re-split protocol, using the original validation set
as test data and further dividing the training set into training and validation
subsets, resulting in a consistent 7:1:2 split for all experiments.
5 https://uusic2025.github.io

https://uusic2025.github.io
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Table 1. Data summary.

Task Organ Target Num. Ref.

Cls.

Breast Malignancy 2,672 [1,6]
Breast Subtype (4-class) 236 [14]
Appendix Appendicitis 1,042 [19]
Liver Steatosis 550 [3]

Seg.

Breast Lesion 3,470 [1,6,31,14]
Cardiac Ventricle 576 [12,14]
Fetal Head 1,120 [8,14]
Kidney Kidney 554 [26,14]
Thyroid Nodule 894 [20,14]

Table 2. Impl. settings.

Setting Value

Backbone ViT-B [2]
Input size 224× 224
MoE layers Blocks 6, 9, 12
Experts M=16
Top-K K1=8, K2=4
Optimizer AdamW [18]
LR 1× 10−4

Batch size 32
Epochs 100
λ (Eq. 7) 0.01

Table 3. Quantitative comparison across segmentation and classification tasks.

Method Venue Seg. Cls. (Binary) Cls. (Breast Subtype)

Dice ↑ mIoU ↑ ACC ↑ F1 ↑ AUC ↑ ACC ↑ F1 ↑ AUC ↑

U-Net [21] MICCAI’15 83.08 72.41 – – – – – –
nnUNet [9] Nat.Methods’21 84.67 74.52 – – – – – –
TransUNet [4] MIA’24 78.54 66.03 – – – – – –
M4oE-Seg. [10] MICCAI’24 74.54 63.25 – – – – – –
ResNet-101 [7] CVPR’16 – – 75.39 62.43 72.88 66.67 19.62 60.19
Swin-T [17] ICCV’21 – – 75.29 68.29 75.63 64.58 19.62 57.42
ViT-B [2] ICLR’21 – – 83.46 80.45 87.64 62.75 19.28 53.34

UniUSNet [13] BIBM’24 86.15 77.10 88.15 82.76 92.73 52.08 27.16 45.38
MTANet [15] TMI’24 81.94 73.63 87.75 79.33 87.27 50.00 41.66 65.82
M4oE-MTL [27] ICLR’25 82.65 70.85 88.85 85.50 90.08 63.64 19.44 69.14
TaskExpert [28] ICCV’23 83.56 73.05 86.64 81.32 87.87 62.50 37.45 68.06
AdaMV-MoE [5] ICCV’23 87.90 79.45 91.20 87.56 90.92 68.75 37.06 68.24
ViT-MTL (Baseline) – 83.99 74.24 79.54 74.04 80.62 64.58 19.62 57.22

HAR-MoE (Ours) – 88.33 80.01 92.59 90.05 95.09 76.47 58.12 71.29

Implementation Settings HAR-MoE is implemented in PyTorch and trained
on NVIDIA V100 GPUs. Hierarchical affinity-aware MoE layers are inserted
into selected transformer blocks of the ViT backbone. Detailed hyperparameters
and training configurations are summarized in Table 2. Single-task baselines
are trained independently on their corresponding datasets, whereas all unified
methods are jointly trained across all datasets and evaluated on the same held-
out splits.

3.2 Quantitative Results

Table 3 compares HAR-MoE with representative single-task and unified multi-
task learning (MTL) models, including a ViT-MTL baseline built on the same
architecture. We evaluate all methods on segmentation, binary classification, and
challenging fine-grained breast subtype classification.

Overall, HAR-MoE consistently improves performance across all tasks, demon-
strating strong generalization under heterogeneous supervision. In segmentation,
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Table 4. Ablation of routing strategies and affinity priors. Unlike Flat Routing +
Affinity which applies priors globally, our hierarchical method disentangles them into
task and organ stages.

Model Variant Affinity Priors Seg. Cls. (Binary) Cls. (Subtype)

Task Organ Dice ↑ IoU ↑ Acc ↑ F1 ↑ AUC ↑ Acc ↑ F1 ↑ AUC ↑

Baselines & Flat Routing
ViT-MTL (No MoE) – – 83.99 74.24 79.54 74.04 80.62 64.58 19.62 57.22
Flat Routing – – 85.21 76.17 86.45 84.53 84.84 61.54 19.05 68.87
Flat Routing + Affinity ✓ ✓ 87.24 79.42 91.82 88.58 94.28 61.54 32.17 59.91

Hierarchical Routing (Ours)
Hierarchical Routing – – 86.94 77.84 88.29 86.34 91.35 64.58 35.95 69.87

+ Task Affinity ✓ – 87.38 78.48 90.57 86.20 92.97 62.74 49.37 65.68
+ Organ Affinity – ✓ 87.35 77.18 89.46 86.29 92.38 63.42 51.73 67.92

HAR-MoE (Full) ✓ ✓ 88.33 80.01 92.59 90.05 95.09 76.47 58.12 71.29

Table 5. Ablation of expert configuration M (K1,K2: active experts per stage) and
the MoE load-balancing regularization weight λ (Eq. 7).

M(K1,K2)
Params (M) FLOPs Seg. Bin. Sub.
Total Active (G) Dice AUC F1

64 (32, 16) 1511 415 81.0 87.78 95.41 50.63
32 (16, 8) 831 245 47.5 87.96 94.41 54.03
16 (8, 4) 491 159 30.8 88.33 95.09 58.12
8 (4, 2) 321 117 22.4 88.05 94.40 56.98

λ
Seg. Bin. Sub.
Dice AUC F1

0.1 86.06 92.03 54.63
0.01 88.33 95.09 58.12
0.001 87.64 92.61 53.62
1e-4 87.85 93.28 56.37

HAR-MoE attains a Dice score of 88.33%, outperforming AdaMV-MoE (87.90%)
and UniUSNet (86.15%). This indicates precise anatomical delineation is main-
tained despite concurrent classification optimization. Similarly, for binary classi-
fication, HAR-MoE shows superior discriminative capability with 95.09% AUC,
surpassing second-best UniUSNet by 2.36%.

The most substantial gains occur in breast subtype classification, where stan-
dard unified models typically fail. As shown in Table 3, baselines like ViT-MTL,
M4oE-MTL suffer from mode collapse (F1 ≈19%) due to dominant segmenta-
tion gradients. While recent MoE methods (TaskExpert, AdaMV-MoE) strug-
gle to exceed 40% F1, HAR-MoE achieves 58.12%, outperforming the second-
best MTANet by 16.46%. These results validate that hierarchical affinity-aware
routing effectively decouples optimization logic, ensuring dedicated capacity for
sparse tasks to mitigate negative transfer.

3.3 Ablation Studies

Impact of Hierarchical Routing and Affinity Priors Table 4 shows that
hierarchical routing consistently outperforms flat routing, especially in fine-
grained classification. Compared to Flat Routing, our hierarchical routing im-
proves breast subtype F1 by 16.9%, indicating that decoupling task- and organ-
level routing effectively mitigates optimization conflict under heterogeneous su-
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(a):

(c):(b):

Fig. 3. Hierarchical expert activation in HAR-MoE: (a) task-level routing; (b) organ-
level routing for segmentation; and (c) organ-level routing for classification.

pervision. While affinity priors improve flat routing, they remain inferior to hi-
erarchical routing. Within our framework, task affinity stabilizes optimization
objectives, while organ affinity enhances fine-grained discrimination. Combin-
ing both yields the best overall performance, demonstrating their synergy in
structured expert specialization.

Impact of Expert Configuration and Efficiency Table 5 evaluates expert
capacity and load-balancing regularization (Eq. 7). A configuration with M =
16 experts balances performance and efficiency. Notably, increasing capacity to
M = 64 degrades breast subtype performance, providing empirical evidence for
expert dilution under heterogeneous supervision. The framework is robust to the
load-balancing weight λ, with λ = 0.01 yielding stable performance across tasks
and preventing expert collapse.

3.4 Visualization

Fig. 3 visualizes the hierarchical expert activation. At the task level (Fig. 3(a)),
segmentation and classification activate largely disjoint experts, indicating effec-
tive task-level disentanglement. At the organ level (Fig. 3(b,c)), distinct experts
are selected for different anatomy. Notably, the three breast datasets exhibit
highly consistent activation (Fig. 3(c)), suggesting routing is driven by shared
organ semantics rather than dataset biases. These structured patterns confirm
effective task-organ decoupling.

4 Conclusion

In this paper, we identify that the primary bottleneck in unified ultrasound anal-
ysis lies in the gradient asymmetry between dense and sparse tasks, which leads
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to expert dilution in conventional MoE models. We introduce HAR-MoE, which
resolves this through a hierarchical routing strategy and learnable affinity priors.
Our framework effectively disentangles optimization-specific logic from anatom-
ical representation, ensuring that fine-grained diagnostic tasks are not over-
whelmed by dominant segmentation gradients. The significant performance gains
across 15 datasets validate the scalability and robustness of our approach. We
believe the principle of hierarchical decoupling serves as a promising paradigm
for broader multi-task medical AI systems handling heterogeneous supervision.
Future work may explore smoother routing or hybrid token-image routing to
further improve stability for highly heterogeneous lesions.
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