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Abstract. Multimodal ultrasound, combining B-mode and color Doppler,
is vital for the early screening of skin lesions. However, its automated
clinical application is severely hindered by modality quality disparities,
incidence-driven data imbalance, and model over-confidence. To this end,
we propose ProSyn-Net, a unified multimodal diagnostic framework com-
prising three synergistic modules. First, a dynamic cross-attention fusion
module adaptively aligns morphological and hemodynamic features while
suppressing modality noise. The fused representations are then processed
by a non-linear prototypical mapping module, which effectively disentan-
gles complex, non-convex minority samples from majority clusters in a
high-dimensional space. Finally, an uncertainty-aware manifold ensem-
ble leverages the geometric diversity of these prototypes to yield reliable
predictions and extract predictive uncertainty. Extensive experiments
demonstrate that ProSyn-Net achieves state-of-the-art performance on
the primary in-house imbalanced 6-class dataset (78.60% Macro F1 and
96.66% AUC), while showing promising transferability on a complemen-
tary independent public binary dataset (87.80% accuracy). We further
analyze uncertainty-guided selective deferral for ambiguous cases. Code
is available at https://github.com/EdualcLin/ProSyn-Net.

Keywords: Multimodal Ultrasound - Imbalanced Learning - Proto-
typical Network - Ensemble Synergy - Uncertainty Estimation.

1 Introduction

The high incidence of skin cancer and various skin lesions necessitates timely
and accurate early diagnosis for effective clinical intervention [26,24]. High-
frequency ultrasound (HFUS) has emerged as an indispensable, non-invasive
imaging modality for dermatologic evaluation. In clinical practice, relying on a
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single modality is often insufficient for a definitive diagnosis. Consequently, the
combination of morphological B-mode images (providing structural and bound-
ary characteristics) and color Doppler images (capturing hemodynamic and vas-
cularization patterns) has become the gold standard for comprehensively evalu-
ating skin lesions [25,14].

Despite the remarkable progress of deep learning in medical image analysis,
deploying automated diagnostic systems for multimodal ultrasound skin lesions
faces three severe clinical hurdles. First, modality quality disparities: blood flow
signals vary drastically across different lesions, and Doppler images of certain
benign plaques may consist almost entirely of noise [24,25]. Conventional fusion
methods (e.g., direct concatenation or static attention) fail to adaptively assess
modality informativeness, introducing severe interference [1]. Second, incidence-
driven data tmbalance: the natural incidence of skin diseases inevitably leads to
severe class imbalance, which inherently hinders the identification of critical but
rare lesions [12,11,2]. While prototypical learning mitigates this to some extent,
traditional linear metric approaches still impose rigid linear Voronoi decision
boundaries. Under high data variance, these linear boundaries cause the non-
convex, irregular feature manifolds of minority classes to be severely squeezed
and misclassified. Third, model over-confidence: existing medical Al models typi-
cally output deterministic predictions with unjustifiably high confidence, lacking
the capacity to quantify predictive uncertainty [15,10,3]. In high-stakes settings,
forced predictions on ambiguous cases may introduce clinical risks.

To circumvent these bottlenecks, we propose ProSyn-Net, a reliable pro-
totypical synergy network for imbalanced dermatologic multimodal ultrasound
diagnosis. Specifically, a dynamic cross-attention fusion module first adap-
tively fuses morphological and hemodynamic features, suppressing interference
from low-quality modalities to overcome quality disparities. The fused represen-
tations are then processed by a non-linear prototypical mapping module. By
decoding a distance profile into a discriminative subspace, this module effectively
disentangles irregular minority samples from prevalent clusters, directly address-
ing feature space distortion caused by extreme imbalance. Finally, to counter
model over-confidence, an uncertainty-aware manifold ensemble leverages
the topological diversity of the geometric prototypes across varying data parti-
tions. By extracting a predictive uncertainty metric, this mechanism identifies
clinically ambiguous skin lesions and supports a selective deferral strategy, al-
lowing high-uncertainty cases to be reviewed by human experts in a risk-aware
workflow [7].

The main contributions of this paper are summarized as follows: (1) We
propose ProSyn-Net, a unified multimodal diagnostic framework integrating dy-
namic cross-attention fusion and non-linear prototypical mapping to effectively
tackle modality quality disparities and extreme incidence-driven data imbalance.
(2) We introduce an uncertainty-aware manifold ensemble strategy that lever-
ages the geometric diversity of cross-fold prototypes to yield significant ensemble
gain and support uncertainty-guided selective deferral analysis. (3) Extensive
experiments show state-of-the-art performance on the primary in-house 6-class
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dataset (78.60% Macro F1, 96.66% AUC) and complementary transferability on
an independent public binary dataset (87.80% accuracy).

2 Methodology

Given paired B-mode () and color Doppler (z4) images, ProSyn-Net processes
them through three synergistic stages as illustrated in Fig. 1.

Stage 2: Non-linear Prototypical Mapping
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Fig.1. The overall architecture of ProSyn-Net comprising dynamic cross-attention
fusion, non-linear prototypical mapping, and uncertainty-aware manifold ensemble with
predictive uncertainty (U) for uncertainty-guided selective deferral.

2.1 Stage 1: Dynamic Cross-Attention Fusion

We employ a pre-trained ConvNeXt-Tiny [19] as a dual-branch backbone to ex-
tract features f,,f; € RP, with the first two stages frozen to preserve low-level
texture representations. To exploit cross-modal complementarity while suppress-
ing modality noise, we design a dynamic cross-attention fusion module, where
Attention(Q, C') denotes multi-head cross-attention [22] with @ as query and C
providing key-value pairs. Specifically, f, serves as query against f;, and sym-
metrically vice versa. A lightweight dynamic weight generator (an MLP with
batch normalization) adaptively produces normalized fusion weights [ap, ag] =
Softmax(MLP([f || £4])), yielding the fused representation:
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ffused =qp - Attention(fb, fd> + agq - Attention(fd, fb) (1)

This sample-adaptive weighting suppresses interference from low-quality or
uninformative modalities.

2.2 Stage 2: Non-linear Prototypical Mapping

Incidence-driven data imbalance naturally causes the feature manifolds of mi-
nority classes to be severely compressed by prevalent classes. To address this,
we define a set of learnable geometric prototypes P = {Py,...,Px} € REXD,
where K represents the total number of lesion categories. Instead of applying
a fully connected classifier, we compute the squared Euclidean distance be-
tween the fused feature fy,s.q and all prototypes, constructing a distance profile
d(z) € RE:

di () = |[frusea — Pil3 (2)

Traditional prototypical networks [21] map —di(x) directly into a Softmax
function, mathematically equating to imposing strict linear Voronoi decision
boundaries. Under high data variance, such rigid boundaries easily misclassify
irregular minority samples. In contrast, ProSyn-Net decodes d(x) through a
non-linear mapping network @ : R¥ — RX (a two-layer MLP with hidden
dimension 512, equipped with Dropout and Batch Normalization) to produce
the final logits z = &(d(x)). This non-linear mapping dynamically transforms
the distance profile into a discriminative subspace, effectively disentangling the
non-convex feature distributions of minority classes from majority clusters.

To ensure topological discriminability, the network is optimized via a hybrid
loss: Liotal = LFocal + AeLCompact + AsLsep. The focal loss Lrocqr [17] miti-
gates absolute numerical sample imbalance. The compact loss [23] forces the
features to be clustered around their ground-truth class prototype P, (where
y € {1,...,K}), formulated as Lcompact = ||ffusea — Pyll2. Notably, for the
prototype separation loss Lg.p, rather than using unbounded distance maxi-
mization, we formulate an exponential decay penalty:

1
Lsep =5 D_exp(=|Pi = Pj[2) (3)

pair it]

where Npqir = K (K —1) is the number of distinct prototype pairs. This smooth,
bounded formulation effectively separates inter-class prototypes without driving
them to infinity.

2.3 Stage 3: Uncertainty-Aware Manifold Ensemble

To counter over-confidence, we use an uncertainty-aware selective deferral mech-
anism. Since @ is sensitive to initialization and data partitioning, prototypes con-
verge to diverse local structures across folds [13], amplifying ensemble benefit.
During inference, we ensemble all 5 models trained on different cross-validation
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folds. To robustly smooth the predictive distribution, we keep Dropout active
and perform M = 50 Monte Carlo (MC) stochastic forward passes across all en-
semble models [6]. The mean predictive distribution pg(z) is aggregated over all
passes, and the predictive uncertainty is defined as U(z) = 1 — maxy, pr(z) 7],
serving as an effective criterion for identifying ambiguous cases and deferring
them to human experts.

3 Experimental Results and Analysis

3.1 Datasets and Implementation Details

Datasets. We comprehensively evaluated our framework on two dual-modal ul-
trasound datasets. The in-house 6-class dataset comprises 917 pathologically
confirmed pairs collected from a specialized hospital. This retrospective study
was approved by the Clinical Research Ethics Committee of Shanghai Skin Dis-
ease Hospital (approval No. 2023-10), with informed consent waived and all data
de-identified before analysis. As shown in Table 1, the data reflects natural clin-
ical incidence with class imbalance. To prevent data leakage, we partitioned this
cohort into an 85% training/validation set (for standard 5-fold cross-validation)
and a 15% independent hold-out test set. We also incorporated a public bi-
nary dataset [14] containing 202 pairs (133 benign and 69 malignant lesions),
which was randomly split into 80% training (with 5-fold cross-validation) and
20% independent test sets. As this cohort is binary, it serves as a complementary
transferability check rather than matched 6-class validation.

Table 1. Class distribution of the in-house dataset (imbalance ratio up to 4.7:1).

Category  Full Name Pairs (B/Doppler)  Percentage (%)
BCC Basal Cell Carcinoma 325 35.4

SCC Squamous Cell Carcinoma 203 22.1
Paget Paget’s Disease 132 14.4
Bowen Bowen’s Disease 97 10.6

AK Actinic Keratosis 91 9.9

SK Seborrheic Keratosis 69 7.5
Total — 917 100.0

Implementation Details. All images were resized to 224 x 224 and nor-
malized. Online augmentations (random cropping, horizontal flipping, rotation
+10°, photometric distortions) were applied. The network was trained for 80
epochs (batch size 16) with AdamW (Ir 1 x 107%, wd 5 x 1073), a 5-epoch lin-
ear warmup, multi-step decay, and gradient clipping. Loss weights: A\, = 0.2,
As = 0.02; focal loss label smoothing 0.05 (v = 2). All reported metrics are
macro-averaged across classes. Fairness: All baselines use identical augmentation
protocols and 5-fold ensemble, except OvcaFinder-DL [27], which is evaluated
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with its built-in 6-model heterogeneous ensemble. For task-adapted compari-
son, flexible baselines adopt ConvNeXt-Tiny and Focal Loss, while specialized
systems retain their original designs. ProSyn-Net contains 61.0M parameters
(8.93 GMAGCs). Disabling MC Dropout reduces single-GPU inference latency to
~21.5 ms/sample on an NVIDIA RTX PRO 6000, with a 2.23% F1 trade-off
(Table 3); the full 5-fold MC-enabled ensemble requires ~1.25s/sample and is
more suitable when sufficient GPU resources are available.

3.2 Comparison with State-of-the-Art Methods

Baselines include four general multimodal fusion methods (Cross-ViT, CMX,
EmbraceNet, Hyper-Fusion) and three medical ultrasound-specific systems (FAMF-
Net, MUVF-YOLOX, OvcaFinder-DL), all cited in Table 2.

Table 2. State-of-the-art comparison on both datasets (%). Bold: best; underline:
second best. (*p < 0.001 vs. all baselines, McNemar’s test.)

In-house Dataset (6-Class)

Method Acc AUC Fi Sens. Spec.|Flece Flsk
FAMF-Net [18] 60.82 90.62 53.18 54.45 90.85 | 71.88  42.86
Cross-ViT [4] 66.67 91.37 61.78 60.24 92.47 | 72.28 56.67
MUVF-YOLOX [16] 72.26 94.45 69.15 66.98 93.72 74.11 57.11
Hyper-Fusion [8] 72.30  95.15 69.04 67.31 93.77 | 7890  60.88
EmbraceNet [5] 73.04 95.21 69.95 68.60 94.00 | 79.03 69.45
OvcaFinder-DL [27] 73.72  93.57 68.99 68.72 94.28 | 79.59  46.15
CMX [28] 75.00 95.89 70.81 69.50 94.44 | 81.07 62.14

ProSyn-Net (Ours) | 80.14* 96.66" 78.60" 76.82 95.47 | 83.73 80.79
Public Dataset (Binary)

Method Acc PPV NPV Sens. Spec.| Flpen. Flmal
Cross-ViT [4] 75.61  66.67 79.31 57.14 85.19 | 82.14 61.54
Hyper-Fusion [8] 78.05 69.23 82.14 64.29 85.19 | 83.61 66.67
EmbraceNet [5] 80.49 75.00 82.76 64.29 88.89 | 85.69 69.23
MUVF-YOLOX [16] 80.65 72.73 85.00 75.86 78.86 | 81.82 74.28
FAMF-Net [18] 80.70  79.49 80.43 73.08 73.08 | 76.58 76.14
CMX [28] 82.93 81.82 83.33 64.29 92.59| 87.72 72.01

OvcaFinder-DL [27] 86.59 77.50 92.16 86.51 86.51 | 89.26  81.75
ProSyn-Net (Ours) | 87.80* 80.00 92.31 85.71 88.89 | 90.55 82.75

Results on the In-house 6-Class Dataset. As shown in Table 2, ProSyn-
Net achieves 78.60% macro-F1 and 96.66% AUC on the unseen test set, surpass-
ing all baselines (p < 0.001, McNemar’s test). The per-class breakdown reveals
the source of this advantage: on majority class BCC, ProSyn-Net attains 83.73%
F1 (A+42.66% over CMX); more strikingly, on extreme minority class SK (7.5%
prevalence), it achieves 80.79% Fl—an 18.65-point gain over CMX (62.14%)
and 11.34 points over the next-best EmbraceNet (69.45%). This balanced dis-



ProSyn-Net for Imbalanced Dermatologic Ultrasound Diagnosis 7

crimination validates the effectiveness of our non-linear prototypical mapping in
reshaping the feature manifold.

Results on the Public Binary Dataset: On the complementary inde-
pendent public binary cohort (Table 2), ProSyn-Net achieves the highest ac-
curacy (87.80%) and NPV (92.31%), outperforming the strongest competitor
OvcaFinder-DL (86.59% Acc). Given the task mismatch with our primary 6-class
setting, this result is interpreted as complementary evidence of transferability.

3.3 Ablation Study

Table 3 validates each component of ProSyn-Net. Single-modality baselines achieve
at most 72.20% F1 (Doppler Only), while our full fusion reaches 78.60%, confirm-
ing the complementary value of multimodal integration. Disabling the dynamic
weight generator or cross-attention reduces F1 to 73.69%/73.45%, confirming
the crucial role of adaptive modality alignment. Removing Lcompact causes the
largest single-component drop (70.97% F1), while omitting £Lg, or MC Dropout
yields milder degradation. Comparing the single-fold mean (69.32% F1) to the
full ensemble reveals a 9.28% absolute gain, nearly twice that of all baselines,
confirming that our prototypical mapping induces significantly greater model
diversity across folds.

Table 3. Ablation study of ProSyn-Net on the in-house dataset (%).

Model Variants Acc AUC F1 Sens. Spec.
B-mode Only 56.20 84.58 46.62 4591 90.34
Doppler Only 75.18 96.25 72.20 69.26 94.27
Ours w/o Dynamic Weight | 76.89 96.32 73.69 71.51 94.74
Ours w/o Cross Att 76.89 96.50 73.45 71.35 94.73
Ours w/o Sep Loss 78.83 96.51 76.34 75.02 95.25
Ours w/o Comp Loss 74.70 9598 70.97 68.76 94.26
Ours w/o MC Dropout 78.83 96.54 76.37 T74.14 95.13
Ours - Pure Distance 76.46 96.18 72.19 70.60 94.79
Ours Single-Fold Mean 72.36  94.18 69.32 68.27 93.85
ProSyn-Net (Ours) 80.14 96.66 T78.60 76.82 95.47

Non-linear Mapping vs. Pure Distance. Reverting to a pure distance
classifier degrades F1 to 72.19%. As shown by t-SNE (Fig. 2), under extreme
variance, pure distance imposes rigid linear Voronoi boundaries that entangle
minority features with prevalent clusters, whereas our non-linear mapping effec-
tively disentangles them into well-separated manifolds.

3.4 Uncertainty Estimation and Clinical Deferral

To reliably identify ambiguous cases in high-stakes clinical settings, we extract
the predictive uncertainty U(x) from our 5-fold MC-enabled ensemble. Empiri-
cal evaluation within our framework reveals that U(x) consistently outperforms
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Baseline: Linear Voronoi Boundary Ours: Non-linear Prototypical Manifold
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Bowen

Paget

SK

Fig. 2. t-SNE [20] visualization of a challenging data split comparing pure distance
(left, entangled) vs. our non-linear mapping (right, disentangled).

Softmax Entropy [9] and MC Dropout Variance in capturing accurate relative
prediction risks. As illustrated in Fig. 3, deferring the most uncertain cases to
experts causes the accuracy on the remaining autonomous predictions to surge
from the 80.14% baseline. At a 50% deferral rate, the autonomous accuracy on
the remaining cases exceeds 91%, illustrating the potential of uncertainty-based
triage; in practice, the threshold should be selected according to referral burden
and expert capacity.
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Fig. 3. Clinical deferral curve. Deferring highly uncertain samples (ranked by i) in-
creases the accuracy on the remaining autonomous predictions; the operating point
should be selected according to the acceptable referral burden in the target workflow.
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4 Conclusion

We proposed ProSyn-Net, a multimodal diagnostic framework for dermatologic
ultrasound that integrates dynamic cross-modal attention, non-linear prototyp-
ical mapping, and uncertainty-aware manifold ensembling to address modality
heterogeneity and incidence-driven imbalance. Experiments show state-of-the-
art performance on the primary in-house 6-class cohort and promising transfer-
ability on a complementary public binary cohort. The selective deferral analysis
further suggests that uncertainty can support risk-aware routing of ambiguous
cases to experts under a tunable threshold.
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