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Abstract. Fusing whole-slide images (WSIs) and magnetic resonance
imaging (MRI) provides a comprehensive perspective from both micro-
scopic and macroscopic levels, and could potentially improve the ac-
curacy of human epidermal growth factor receptor 2 (HER2) status
prediction. However, directly applying existing fusion methods to such
disparate modalities faces two major limitations. First, they often di-
rectly interact across these highly heterogeneous modalities, failing to
adequately consider the huge domain gap between WSI and MRI. WSI
and MRI di�er fundamentally in imaging perspectives, information den-
sity, and dimensionality, making their correspondence inherently ambigu-
ous. Second, they fail to e�ectively resolve modality imbalance caused
by di�erences in information density through mere feature-level strate-
gies. WSI contains substantially richer information and usually domi-
nates the fusion process, causing models to inadequately learn from the
non-dominant MRI modality. Consequently, both issues limit the model's
ability to leverage multimodal information, sometimes even yielding per-
formance inferior to unimodal baselines. To address these issues, we pro-
pose a novel Imbalance-Aware Distributional Alignment (IADA) frame-
work for fusing WSI and MRI via distributional representations and dy-
namic gradient modulation. Speci�cally, a heterogeneous modality align-
ment strategy with distributional representations is introduced to miti-
gate the domain gap by indirectly characterizing and promoting semantic
consistency across modalities. Furthermore, a dynamic gradient modu-
lation module is incorporated to mitigate modality imbalance by adap-
tively suppressing the gradient contribution of the dominant modality,
enabling both modalities to be fully leveraged in the fusion process. Ex-
tensive experiments on data from three medical centers demonstrate the
superior generalization and e�ectiveness of the proposed method.

*These authors contributed equally to this work.
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1 Introduction

As one of the most important biomarkers for breast cancer subtyping and treat-
ment decision-making, human epidermal growth factor receptor 2 (HER2) status
is closely associated with the selection of targeted therapies and patient progno-
sis [16,18]. Fusing whole-slide images (WSIs) and magnetic resonance imaging
(MRI) can e�ectively exploit the complementary strengths of microscopic and
macroscopic information, thereby improving HER2 status prediction. Patholog-
ical assessment captures cellular morphology, tissue architecture, and the tumor
microenvironment at the microscopic level, serving as the gold standard for di-
agnosis and molecular subtyping, while MRI provides complete structural and
functional information at the macroscopic level, o�ering a broader characteriza-
tion of the overall tumor.

Many multimodal approaches have been proposed and they usually perform
fusion via attention mechanisms, contrastive learning, or modality weighting
strategies. For example, co-attention has been used to guide attention toward
critical WSI regions [14,4], enhance token-level matching via Optimal Trans-
port [24] or orthogonality-guided scoring [27], or establish denser interactions
through cross-attention [28,12]. Contrastive learning-based methods typically
align deterministic feature vectors from di�erent modalities into a uni�ed rep-
resentation space [20] while weighting-based methods generally fuse modalities
based on their contributions [7,21].

Nevertheless, directly applying existing fusion methods to disparate modali-
ties of WSI and MRI faces two major limitations. First, existing methods often
directly model the interactions between modalities, failing to adequately con-
sider the huge domain gap between WSI and MRI. The imaging perspectives,
information density, and dimensionality of WSI and MRI are fundamentally
di�erent, and their explicit correspondences are inherently ambiguous and chal-
lenging to model. Second, existing fusion methods may encounter the modality
imbalance issue when applied to WSI and MRI. In comparison with MRI, WSI
contains substantially richer information and thus may dominate the fusion pro-
cess, causing the model to rely excessively on WSI while neglecting the learning
of MRI, resulting in insu�cient multimodal fusion and sometimes even inferior
multimodal performance compared with unimodal baselines.

To address these limitations, we propose a novel Imbalance-Aware Distribu-
tional Alignment (IADA) framework for fusing WSI and MRI via distributional
representations and dynamic gradient modulation. For the �rst limitation, we
introduce a heterogeneous modality alignment strategy via distributional rep-
resentations to bridge the domain gap between WSI and MRI. By modeling
features as distributions rather than directly modeling the feature interactions,
this strategy characterizes and promotes semantic consistency through the over-
lap between cross-modal latent distributions. Unlike existing methods, distribu-
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tional alignment does not seek explicit local correspondences across modalities,
and therefore can better align WSI and MRI with inherently ambiguous corre-
spondences. This e�ectively mitigates the semantic domain gap and ultimately
improves the prediction performance and generalization. In terms of the sec-
ond limitation, a dynamic gradient modulation module is incorporated into the
proposed method to mitigate modality imbalance by adaptively suppressing the
gradient contribution of the dominant modality [19]. Speci�cally, the dynamic
gradient modulation module uses unimodal prediction scores to quantify the
contributions of individual modalities and dynamically balance the gradient up-
dates of modality-speci�c parameters. By doing this, it e�ectively alleviates the
modality imbalance issue and enables more e�ective exploration of the comple-
mentary information within WSI and MRI. The key contributions of this paper
can be summarized as follows:

1. Considering the huge domain gap between WSI and MRI, we propose a
novel distributional cross-modality alignment strategy that models the fea-
tures of both modalities as distributional representations and promotes their
semantic consistency.

2. To e�ectively mitigate the modality imbalance issue, we incorporate a dy-
namic gradient modulation module to dynamically adjust the contributions
of WSI and MRI during model optimization, enabling more e�ective ex-
ploitation of fused information.

3. We conduct extensive experiments on a multi-center cohort collected from
three independent medical centers, demonstrating the superior generaliza-
tion and e�ectiveness of the proposed method.

2 Method

2.1 Overall Architecture

The proposed Imbalance-Aware Distributional Alignment (IADA) framework is
illustrated in Fig. 1. Given paired WSI and MRI data, modality-speci�c fea-
tures are �rst extracted through dedicated encoders to obtain compact repre-
sentations. To reduce the domain gap between heterogeneous modalities, each
representation is projected into a Gaussian distribution parameterized by its
mean vector and standard deviation vector, forming distributional embeddings
within a shared latent space. A symmetrized KL divergence loss is employed
to align the cross-modal distributions, thereby enhancing semantic consistency
across modalities. The mean vector of each modality is further re�ned via a
feature gating module to produce discriminative representations, which are sub-
sequently concatenated and fed into a classi�er for �nal prediction. To alleviate
modality imbalance, the unimodal prediction scores of each modality are fed
into a Dynamic Gradient Modulation (DGM) module, which adaptively rescales
modality-speci�c gradients based on their batch-level contribution ratio to pro-
mote balanced optimization. The entire framework is optimized end-to-end under
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Fig. 1. Overview of the proposed framework. (1) Feature Extraction encodes WSI
and MRI via RRT-MIL and 3D DenseNet, respectively. (2) Distributional Rep-
resentation and Alignment maps modality-speci�c features into Gaussian distri-
butions in a shared latent space, with a symmetrized KL divergence loss promoting
cross-modal alignment. (3)Modality Rebalancing employs a DGM module to adap-
tively scale gradient updates and mitigate modality imbalance during training.

a uni�ed objective function:

L = (1− α)LCLS + αLDist, (1)

where LCLS denotes the classi�cation loss, LDist = LAlign+LReg denotes the dis-
tributional loss with LAlign being the symmetrized KL divergence that promotes
distributional overlap between the two modalities and LReg being the KL regu-
larization that anchors the learned distributions to a standard Gaussian prior,
and α is a hyperparameter balancing the two objectives.

2.2 Feature Extraction

We extract features from WSI and MRI. For WSI, we �rst segment the tissue
region and crop a series of non-overlapping 512 × 512 patches at a magni�ca-
tion of 20×. Instance-level features are extracted from patches with pre-trained
ResNet50 [8] and stacked as a bag-level embedding PWSI

i ∈ RN×dp , where N
is the number of patches and dp is the patch feature dimension. The bag-level
embedding is then fed into the RRT [23] encoder to re-embed instance features
by modeling spatial dependencies, and aggregated into a slide-level feature rep-
resentation xWSI

i ∈ R1×d. For MRI, we crop tumor-centered 3D volumes of size
64 × 64 × 64 from the region of interest (ROI) delineated by expert radiolo-
gists and feed them into a 3D DenseNet-121 [10] to extract the MRI feature
representation xMRI

i ∈ R1×d, where d is the shared feature dimension for both
modalities.
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2.3 Distributional Representation and Alignment

To bridge the domain gap between heterogeneous modalities, we model each
modality's features as distributional representations and promote cross-modal
semantic consistency through distributional overlap. Modeling features as distri-
butions can better capture their implicit alignment rather than directly modeling
their explicit correspondence, which naturally accommodates the inherently am-
biguous correspondence between WSI and MRI.

We denote the modality index as m ∈ {WSI,MRI}. For the i-th sample,
the feature xm

i ∈ R1×d extracted from modality m is mapped to a mean vector
µm

i ∈ R1×dz and a standard deviation vector σm
i ∈ R1×dz as:

µm
i = fm

µ (xm
i ), σm

i = fm
σ (xm

i ), (2)

where fm
µ and fm

σ are modality-speci�c fully connected mappings with indepen-
dent learnable parameters. Rather than producing a single deterministic embed-
ding, we represent each sample as a Gaussian distribution in the latent space:

qmi (z) = N
(
z | µm

i , diag((σm
i )2)

)
, (3)

where qmi (z) denotes the latent distribution and z is the latent random variable.
To promote semantic consistency between WSI and MRI in the latent space, the
distributional loss LDist is de�ned as:

LDist =
1

2

(
KL(qMRI

i ∥ qWSI
i ) + KL(qWSI

i ∥ qMRI
i )

)
+

λ

2

∑
m

KL(qmi ∥ N (0, I)),
(4)

where the �rst term LAlign is a symmetrized KL divergence that encourages
the latent distributions of the two modalities to overlap, and the second term
LReg anchors the learned distributions to a standard Gaussian prior to prevent
over-concentration, where I denotes the identity matrix and λ controls the regu-
larization strength. Together, they bridge the domain gap between heterogeneous
modalities by promoting cross-modal semantic consistency while maintaining a
well-structured latent space.

To further enhance the discriminability of the latent representation, µm
i is

fed into a fully connected layer followed by a sigmoid activation to generate
a gate vector, which is then multiplied element-wise with µm

i to obtain the
gated representation gm

i ∈ R1×dz . The gated representations gWSI
i and gMRI

i are
subsequently concatenated and fed into a shared classi�er to produce the fused
prediction score y.

2.4 Dynamic Gradient Modulation

To mitigate the modality imbalance caused by the signi�cant disparities in infor-
mation density between WSI and MRI, we incorporate a dynamic gradient mod-
ulation module that quanti�es the contribution of each modality via unimodal
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prediction scores and dynamically balances their respective gradient updates.
Speci�cally, in addition to the fused prediction score y, the classi�er is also ap-
plied separately to gWSI

i and gMRI
i to produce modality-speci�c prediction scores

yWSI
i and yMRI

i . The contribution discrepancy between WSI and MRI can then
be quanti�ed as the ratio:

uWSI
j =

∑
i∈Bj

yWSI
i∑

i∈Bj
yMRI
i

, (5)

where Bj denotes the j-th training batch, uWSI
j > 1 indicates that WSI con-

tributes more than MRI to the current prediction, re�ecting a state of modality
imbalance. Symmetrically, uMRI

j is de�ned as the reciprocal of uWSI
j . Based on

the contribution ratio, a gradient modulation coe�cient is de�ned as:

cmj =

{
1− tanh(β · um

j ), um
j > 1

1, otherwise,
(6)

where β is a hyperparameter controlling the degree of modulation. The resulting
cmj ∈ (0, 1] is integrated into the parameter update rule. The modality-speci�c
parameters θm are updated as:

θm ← θm − η · cmj · ∇θmL, (7)

where η is the learning rate and ∇θmL denotes the gradient with respect to θm.
When one modality dominates the prediction, its gradient update is reduced to
limit its in�uence during optimization, while keeping the non-dominant modal-
ity updated at full scale. Since η is small and cmj is constrained within (0, 1],
DGM introduces only mild modulation at each iteration, resulting in gradual
rather than abrupt optimization changes. This dynamic and stable adjustment
promotes a more balanced use of complementary WSI and MRI information.

3 Experiments

3.1 Dataset

To evaluate the robustness and generalizability of our proposed method, we col-
lected data from 866 breast cancer patients across three independent medical cen-
ters between 2021 and 2024. For each patient, the multimodal dataset comprises
a WSI derived from core needle biopsy, the third enhancement phase of DCE-
MRI, and the corresponding clinically con�rmed HER2 status. Cohort A con-
sists of 364 patients, including 93 HER2-positive and 271 HER2-negative cases;
Cohort B consists of 385 patients, including 96 HER2-positive and 289 HER2-
negative cases; and Cohort C consists of 117 patients, including 33 HER2-positive
and 84 HER2-negative cases. For internal validation, Cohorts A and B were
pooled and evaluated using �ve-fold cross-validation. For external evaluation,
Cohorts A and B were used for training, and Cohort C served as an independent
external test set. The model performance was evaluated using the area under the
curve (AUC), accuracy (ACC), F1-score (F1), sensitivity (SEN), and speci�city
(SPE) on both the internal validation and external test.
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Table 1. The classi�cation performance (%) of di�erent methods on internal validation
and external test.

Modality Model
Internal Validation External Test

AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

WSI

TransMIL [22] 66.9 76.4 52.1 51.4 84.7 73.2 70.4 59.5 80.6 66.7
CLAM [17] 76.7 78.4 60.0 64.9 82.9 78.1 67.8 60.2 90.3 59.5
AMIL [11] 76.0 72.3 59.4 81.1 69.3 79.7 73.0 57.8 87.1 67.9
RRT-MIL [23] 78.4 72.9 58.3 75.7 72.1 80.4 70.4 60.5 83.9 65.5

MRI

ConvNext [15] 63.6 58.1 47.5 52.3 75.7 59.8 65.8 47.4 56.3 69.4
nnMamba [6] 65.5 52.7 43.9 75.0 45.5 61.3 56.0 41.3 62.1 54.0
SENet [9] 64.0 64.9 43.5 54.1 68.5 64.1 64.3 48.1 61.3 65.5
ResNet50 [8] 65.2 61.5 45.7 64.9 60.4 62.7 67.5 47.2 53.1 72.9
DenseNet [10] 67.0 75.0 46.4 43.2 85.6 67.7 67.0 52.5 67.7 66.7

Fusion

MCAT [4] 74.4 78.4 59.0 62.2 83.8 78.2 73.0 60.8 77.4 71.4
MoPE [13] 77.9 70.9 59.0 83.8 66.7 78.7 70.4 58.5 77.4 67.9
Pathomic Fusion [3] 78.1 75.0 60.2 75.7 75.7 78.5 67.0 57.8 83.9 60.7
CMTA [28] 78.3 70.3 58.5 83.8 65.8 79.4 70.4 59.5 80.7 66.7
Weight 78.8 75.0 61.9 81.1 73.0 79.4 72.2 59.0 74.2 71.4
Concat [2] 78.5 76.4 61.5 75.7 76.6 79.9 73.0 60.0 74.2 72.6
GMU [1] 78.0 75.0 61.1 78.4 73.9 80.0 70.0 60.0 83.8 64.3
EAU [5] 78.4 75.7 59.1 70.3 77.5 80.2 74.0 60.3 75.7 74.8
Multimodal Dynamics [7] 78.2 74.3 60.4 78.4 73.0 80.3 71.3 61.2 83.9 66.7
OGM [19] 79.1 81.1 64.1 67.6 85.6 80.9 73.0 61.7 80.6 70.2
AMSS [25] 79.5 76.4 63.2 81.1 74.8 83.6 69.6 62.4 93.5 60.7
LFM [26] 79.5 81.1 65.0 70.3 84.7 83.3 75.7 64.1 80.6 73.8
IADA (proposed) 81.7 83.8 68.4 70.3 88.3 86.1 77.4 64.9 82.8 75.6

3.2 Implementation Details

All experiments were conducted on an NVIDIA RTX A6000 GPU (48 GB). We
employed the Adam optimizer with an initial learning rate η of 1 × 10−4. The
batch size was set to 2 due to the high memory cost of WSIs. The classi�cation
branch was optimized using focal loss. The hyperparameters α, β, and λ were
empirically set to 0.2, 0.1, and 2 × 10−2, respectively. The maximum number
of training epochs was set to 100. The WSI encoder, MRI encoder, and fusion
module contain 2.828M, 11.507M, and 1.054M parameters, respectively, for a
total of 15.389M parameters. The implementation is available at https://github.
com/embers819/IADA.

3.3 Experimental Results

Comparison with State-of-the-Art Methods Table 1 presents a compre-
hensive comparison between the proposed method and state-of-the-art single-
modality and multimodal fusion approaches. The proposed IADA achieves AUCs
of 81.7% and 86.1% on the internal validation and external test. IADA out-
performs the second-best AUC by 2.2% and 2.5% on the internal validation
and external test, respectively. Meanwhile, IADA signi�cantly outperforms the

https://github.com/embers819/IADA
https://github.com/embers819/IADA
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Table 2. Ablation study (%) on the contribution of each model component.

Baseline
Alignment

DGM
Internal Validation External Test

point distribution AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

✓ 78.2 81.8 63.0 62.2 88.3 79.9 66.1 58.9 90.3 57.1
✓ ✓ 79.4 78.4 62.8 73.0 80.2 79.6 72.2 63.6 90.3 65.5
✓ ✓ 80.5 75.0 61.1 78.4 73.9 83.0 74.8 65.9 90.3 69.0
✓ ✓ ✓ 81.7 83.8 68.4 70.3 88.3 86.1 77.4 64.9 82.8 75.6
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Fig. 2. Dynamics of the modality contribution ratio between WSI and MRI.

strongest unimodal WSI and MRI baselines. Speci�cally, it improves the AUC
over the best WSI method RRT-MIL and the best MRI method DenseNet by
3.3% (p < 0.001, fold-level paired t-test) and 14.7% (p < 0.001, fold-level paired
t-test) on internal validation, and by 5.7% (p = 0.031, DeLong test) and 18.4%
(p < 0.001, DeLong test) on the external test, respectively, highlighting the ad-
vantage of WSI-MRI fusion. Notably, AUC, ACC, F1, and SPE all reach the
highest values in both settings.

Ablation Study Table 2 presents the ablation study validating the contribution
of distributional alignment and DGM. Compared with point-based alignment,
distributional alignment improves AUC by 1.1% and 3.4% on the internal valida-
tion and external test, respectively. These improvements suggest that modeling
features as distributions can better capture implicit cross-modal alignment than
directly enforcing explicit correspondence. Incorporating DGM further improves
AUC by 1.2% and 3.1% on the internal validation and external test, respectively,
highlighting its role in mitigating modality imbalance. Fig. 2 further shows the
trend of the modality contribution ratio uWSI during training with and without
DGM. Without DGM, uWSI increases more rapidly and reaches a higher mag-
nitude. With DGM, this growth is notably moderated, indicating that DGM
alleviates the dominance of the WSI modality and facilitates a more balanced
optimization process. Moreover, the contribution-ratio curve with DGM exhibits
a smooth trend, with small �uctuations comparable to the setting without DGM,
demonstrating the stable behavior of the modulation strategy.
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4 Conclusion

In sum, this paper proposes a novel multimodal fusion framework, Imbalance-
Aware Distributional Alignment (IADA), that jointly leverages WSI and MRI for
accurate HER2 status prediction. The introduced distributional alignment strat-
egy and dynamic gradient modulation module e�ectively address the domain gap
between heterogeneous modalities and the modality imbalance problem, respec-
tively. Extensive experiments on a multi-center cohort of 866 patients demon-
strate the superior performance and generalization of the proposed method over
state-of-the-art approaches.
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