This MICCAI pape

s the Open Access version

iety. | ntical to the

n, except for the format and this wate

M ICCAI final published version is available on SpringerLink

Addressing Gradient Conflicts in Multimodal
Fundus Disease Recognition with Fusion-Guided
Learning

Xiaozhou Liu'*, Zhike Qiu'*, Luping Zeng', Jiahui Hu', Jiahao Liu®,
Liangming Wen'', and Zhiguo Du'

Business College, Southwest University, Chongqging, China
wlm20240211@swu.edu.cn

Abstract. Multi-modal fundus image analysis holds significant clinical
value for the early diagnosis of ophthalmic diseases. While existing stud-
ies on multi-modal diagnosis predominantly focus on designing complex
fusion architectures, they often overlook the underlying optimization dy-
namics during joint training. In this work, we reveal that optimization
conflicts between the OCT and CFP encoders and the fusion module lead
to suboptimal model performance. To address this, we propose a novel
framework incorporating Fusion-Guided Gradient Decoupling Learning
(FGDL) and a Cross-Modal Semantic Alignment (CMSA) module. By
decoupling optimization paths and employing conflict-aware projection
to rectify uni-modal gradients, FGDL eliminates inter-modal gradient
interference while guiding uni-modal features toward the global multi-
modal optimum. Meanwhile, the CMSA module achieves semantic align-
ment between OCT structural features and CFP texture features by
capturing global dependencies. Furthermore, we introduce a loose pair-
ing strategy to enhance the model’s robustness against data heterogene-
ity. Experiments on the MMC-AMD and GAMMA datasets demonstrate
that our method achieves accuracies of 93.01% and 95.00%, respectively,
significantly outperforming existing state-of-the-art approaches. Code is
available at https://github.com/1xz8763/FGDL-Fundus.

Keywords: Multimodal learning - Fundus disease recognition - Gradi-
ent decoupling

1 Introduction

Fundus diseases are a leading cause of irreversible blindness worldwide. There-
fore, timely and accurate diagnosis is crucial for early intervention and treat-
ment [13,17]. Color Fundus Photography (CFP) provides texture and vascular
information of the retinal surface, while Optical Coherence Tomography (OCT)
characterizes deep structural changes [7,12]. The two modalities exhibit signifi-
cant complementarity in pathological representations [14,5,2].
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Fig. 1. Comparative analysis of mean gradients for the OCT and CFP branches under
unimodal and multimodal training.

Inspired by clinical diagnostic workflows, the computer-aided diagnosis com-
munity has recently witnessed a surge in multimodal deep learning frameworks
tailored for fundus diseases [24,22,18,28,25,9]. Current mainstream methods typ-
ically adopt a two-stream network architecture, utilizing two independent net-
works to extract feature representations from OCT and CFP respectively, fol-
lowed by modality fusion via feature concatenation, weighted summation, or
attention mechanisms [19,24,8]. To further enhance the efficiency of feature inter-
action, Yu et al. proposed the MSMAE algorithm, which utilizes keypoint detec-
tion and supervoxel segmentation to extract modality-specific multi-perceptual
features and introduces a Graph Transformer for structural modeling [27]. Zheng
et al. incorporated evidential deep learning to quantify predictive uncertainty,
achieving reliable multi-view fusion [29].

However, most existing studies focus on designing increasingly complex fu-
sion frameworks while neglecting the underlying optimization dynamics during
joint multimodal training [22,29,28,27,15]. Traditional joint optimization strate-
gies tightly couple the updates of feature extractors and fusion modules. This
strong coupling can induce optimization conflicts during backpropagation, where
the fusion module suppresses the gradients backpropagated to the modality en-
coders. Consequently, unimodal encoders are inadequately updated, preventing
the multimodal model from fully realizing its performance potential [23]. As
illustrated in Fig. 1, during joint multimodal training, the magnitude of gradi-
ents backpropagated to the CFP encoder is significantly lower than that of the
unimodal training baseline, while the gradients of the OCT encoder exhibit se-
vere oscillation and instability. This confirms that traditional joint optimization
strategies lead to inter-modality optimization conflicts and gradient interference.

Beyond optimization issues, limitations in feature representation pose an-
other critical challenge restricting model performance. Fundus disease lesions of-
ten exhibit global correlations; relying solely on local convolutions makes it diffi-
cult to effectively model such cross-modal global semantic co-occurrences [14,21,16].
Furthermore, in real-world clinical scenarios, acquiring strictly paired multi-
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Fig. 2. The overall architecture of the proposed multimodal fundus disease recognition
network. The left panel illustrates the backbone network alongside the two core mod-
ules, FGDL and CMSA. The right panel displays the detailed structure of the CMSA
(Right-Top) and a geometric illustration of the projection mechanism for gradient con-
flict correction in FGDL (Right-Bottom).

modal data is exceedingly difficult and expensive. To improve the effectiveness of
model training on limited datasets, more flexible data augmentation strategies
must be introduced [1,18].

To address these challenges, this paper proposes a two-stream fundus dis-
ease recognition network based on fusion-guided gradient decoupling learning.
Specifically, to tackle the optimization conflict problem, we propose a novel col-
laborative optimization mechanism, fusion-guided gradient decoupling learning
(FGDL). Additionally, we integrate cross-modal semantic alignment (CMSA)
into the dual-branch ResNet architecture.

The main contributions of this paper are summarized as follows: 1) We pro-
pose a novel multimodal learning framework for fundus imaging, termed FGDL.
By combining gradient decoupling with a conflict-aware projection mechanism,
this framework effectively resolves gradient competition and suppression during
the fusion of OCT and CFP, while ensuring consistency between unimodal and
multimodal optimization directions; 2) We design a CMSA module. By cap-
turing global long-range dependencies, it effectively uncovers latent correlations
between lesion regions across different modalities, significantly facilitating the
semantic alignment of cross-modal features; 3) Combined with a loose pairing
data augmentation strategy, we conduct extensive experiments on two public
datasets, MMC-AMD and GAMMA. Our method outperforms existing state-of-
the-art (SOTA) models in accuracy and other key evaluation metrics.

2 Methodology

Let the multimodal fundus disease dataset be denoted as D = {(x9“, a:ff Py,
where 29t € RFXWx3 represents an OCT image, 257 € R¥*W*3 represents

i

the corresponding CFP image, and y; € {1,..., K} denotes the disease category
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label. N is the total number of samples, and K is the number of categories. Our
objective is to learn a multimodal classification model f(z°%, 2°/7; @) to predict
the category label ¢ for each paired sample.

2.1 Loose Pairing Strategy

During the training process, we adopt a category-consistent loose pairing strat-
egy [19]. For a given OCT image, instead of strictly limiting its pairing to the
CFP image from the same eye, we allow it to be paired with any CFP image
that shares the same disease category label. This approach increases the number
and diversity of valid training pairs.

2.2 Cross-Modal Semantic Alignment

To achieve semantic-level feature alignment between OCT and CFP, we propose
the CMSA module. This module consists of two components: intra-modal global
modeling and cross-modal semantic interaction. In both the OCT and CFP
branches, we introduce a non-local self-attention mechanism to aggregate global
semantic information within a single modality [20]. Let Xocq, Xegp € REXHxW
denote the feature maps output by the backbone networks, where C, H, and
W represent the number of channels, height, and width, respectively. For any
modality m € {oct, cfp}, its intra-modal enhanced feature is expressed as:

0(Xm) "¢(Xom)
Vi

where 6(+), ¢(-), and g(-) are 1 x 1 convolutional mapping functions that generate
the Query, Key, and Value, respectively; dj. is the channel dimension of the Key.
This operation performs weighted aggregation based on the semantic similarity
between features, thereby modeling global dependencies within the modality.

CMSA further introduces a cross-modal attention mechanism. Using the
OCT features as queries and the CFP features as keys and values, it seman-
tically enhances the OCT representation:

ocC K;r
Voo™ = Softmax(Q th*k f") Vetp, (2)

where Qoct is generated from the OCT features, and Kcg, and Vg, denote the
Key and Value corresponding to the CFP features, respectively. Similarly, the
cross-modal enhanced feature for the CFP branch, Y5, can be obtained.
Finally, we concatenate the intra-modal global features with the cross-modal
aligned features, and fuse them back into the original feature stream via a gated

residual mechanism:

yselt — Softmax( > 9(Xm), (1)

Zm = Xm + U(Wgate) * Frusion ([Y;le7 ermss]) ) (3)
where [-, -] denotes concatenation along the channel dimension, Fesion is a fusion

convolutional layer, and wgate represents a learnable scalar weight.
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2.3 Fusion-Guided Gradient Decoupling Learning

To alleviate the issues of gradient suppression and directional conflict during
joint multimodal training, we design a FGDL strategy.

FGDL first constructs two independent optimization paths using a stop-
gradient operation. When calculating the multimodal fusion loss Liysion, its gra-
dient backpropagation to the unimodal backbones is blocked, ensuring that this
loss is solely used to update the fusion module and the classification head:

Liusion = CrossEntropy(Fusion(SG(Foct), SG(Fep)), ¥) (4)

where Fyc; and Fig, represent the output features of the OCT and CFP encoders
respectively, y is the ground-truth label, and SG(:) denotes the stop-gradient
operation. Meanwhile, we introduce independent unimodal classification heads
and corresponding loss functions, Loct and Legy,, for the OCT and CFP branches,
respectively. The gradients generated by these losses are strictly used to update
their respective branches, thereby preventing the fusion branch from suppressing
the unimodal feature learning process.

Because unimodal tasks lack cross-modal contextual constraints, their op-
timization directions may deviate from the global objective of multimodal fu-
sion [26]. To address this, FGDL introduces a gradient alignment mechanism
prior to parameter updates to coordinate the optimization directions of both.
The gradient derived from the backpropagation of the multimodal fusion loss is
denoted as grysion, serving as the global optimization reference direction. The
gradient generated by the unimodal loss is denoted as guni, representing the
local optimization direction of the single modality. When their inner product
Etusion * Suni < 0 is detected, it indicates a conflict between the unimodal update
direction and the fusion objective. In this case, a vector projection operation is
employed to remove the component of the unimodal gradient that conflicts with
the fusion gradient, yielding the corrected unimodal gradient:

(5)

Guni Erusi
* Suni — ”ugnf‘usml:l“%n Ltusion; Sfusion * uni < 07
8uni .
Suni, otherwise.

This process is executed during the backpropagation phase, guiding the unimodal
update direction purely at the optimization level. Ultimately, the network pa-
rameters are jointly driven by the fusion gradient and the corrected unimodal
gradients. The corresponding total loss function is defined as:

L:total - qusion +a (Loct + chp) 5 (6)

where « is a balancing coefficient used to control the weight of the unimodal
constraints within the overall optimization.

3 Experiments

3.1 Datasets and Experimental Setup

We conduct experiments on two publicly available and widely used multimodal
datasets. The MMC-AMD dataset is a clinical dataset specifically designed for
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Table 1. Comparative experimental results (%) on the MMC-AMD and GAMMA
datasets.

MMC-AMD GAMMA
Acc Recall F1 Kappa Acc Recall F1 Kappa

CFP-ResNet18 [3] 72.55 58.45 67.91 57.56 85.00 84.26 83.37 76.83
OCT-ResNet18 [3] 80.39 83.14 80.35 72.05 60.00 61.11 64.19 42.45

MM-CNN [19] 80.39 76.70 79.03 71.88 80.00 80.56 79.55 69.70

Method

MSAN [4] 70.35 63.94 67.33 52.34 65.00 52.38 49.36 39.13
DeepGuide [11]  70.59 54.35 55.11 55.11 85.00 84.26 83.37 76.83
CRD-Net [10] 85.62 87.75 84.66 79.57 90.00 92.59 90.70 84.85
BCA-Trans [6]  84.30 85.80 85.98 78.68 - - - -
MSAS-ViT [27] - - - - 94.00 88.50 88.00 -
Ours 93.01 94.18 94.08 90.45 95.00 93.34 93.34 92.00

fine-grained age-related macular degeneration. The data splitting follows the
official settings [19]. The GAMMA Challenge dataset is a multimodal dataset
for glaucoma grading [24], and we follow the conventional settings [10]. Due to its
relatively small size, we randomly split this dataset twice and report the average
results.

All experiments were implemented in PyTorch on an NVIDIA RTX 4090D
GPU. The baseline model employed a two-stream ResNet-18 with simple feature
concatenation, and input images were resized to 448 x 448 x 3. The optimizer was
SGD with momentum 0.9 and weight decay 1 x 10~%. The initial learning rate
was set to 1 x 1072 and decayed using a cosine annealing schedule. Training was
conducted for up to 80 epochs with an early stopping patience of 20 epochs. The
hyperparameter « was set to 5.0 for MMC-AMD and 1.0 for GAMMA. Image
preprocessing and data augmentation followed the protocol in [19].

3.2 Comparative Experiments

We systematically compare our framework with unimodal baseline methods and
the latest SOTA multimodal methods. As shown in Table 1, our method outper-
forms all competing approaches on both datasets. On the MMC-AMD dataset,
our model achieves a classification accuracy of 93.01% and a Kappa coefficient
of 90.45%. Similarly, on the GAMMA dataset, our method yields an accuracy
of 95.00% and a Kappa coefficient of 92.00%. The overall performance surpasses
that of current advanced models.

3.3 Ablation Study

As shown in Table 2, we perform a step-by-step ablation study on the MMC-
AMD dataset. The introduction of loose pairing significantly improves classifi-
cation accuracy, which is attributed to the effective expansion of the training
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Table 2. Ablation study of Loose Pairing, CMSA, and FGDL.

Performance (%)
Acc Recall F1 Kappa

75.52 79.49 80.97 66.77
81.82 84.91 86.43 75.34
v 83.92 86.51 88.05 78.13
86.71 88.63 89.74 81.86
v v 93.01 94.18 94.08 90.45
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Fig. 3. Evolution of the average gradient magnitude in the last layer of different modal-
ity encoders.

data scale and diversity. Employing CMSA and FGDL individually yields per-
formance improvements of 2.1% and 4.89%, respectively. This result reveals an
important phenomenon: in multimodal fundus image analysis tasks, bottlenecks
at the optimization dynamics level are often more critical than the feature ex-
traction architecture itself. By alleviating multimodal gradient conflicts, FGDL
effectively unlocks the latent learning capacity of the encoders.

3.4 In-Depth Analysis of FGDL

Analysis of FGDL in Alleviating Gradient Suppression for Modality
Encoders During the training process, we record the mean absolute gradient
values at the last layer of both the OCT and CFP modality encoders. As illus-
trated in Fig. 3, without FGDL, the overall gradient magnitudes of the modality
encoders in joint multimodal learning remain relatively small. After introducing
FGDL, the gradient magnitudes of both modality encoders increase significantly
throughout the entire training process. These results indicate that by guiding
and decoupling the fusion gradients, FGDL effectively mitigates the suppressive
effect of the fusion branch on the modality encoders’ gradient updates, enabling
the unimodal branches to maintain sufficient parameter update capacity within
the multimodal framework.
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Fig. 4. Analysis of gradient direction consistency between specific modality branches
and the fusion branch.

Analysis of Gradient Conflicts Between Unimodal and Fusion Branches
In each training epoch, we extract the gradients backpropagated from the uni-
modal branch to the modality encoder, as well as those from the fusion branch to
the same encoder, and calculate the cosine similarity between them to measure
the consistency of gradient directions. Fig. 4(a) illustrates the average trend of
the gradient cosine similarity during training. Under the baseline setting, this
similarity gradually decreases as training progresses, dropping below 0 in the
middle and late stages. This indicates that the optimization direction of the
unimodal branch progressively deviates from the fusion objective, leading to a
continuous accumulation of gradient conflicts. After incorporating FGDL, the
gradient cosine similarity remains strictly positive and stabilizes at a high level
throughout the entire training process. Fig. 4(b) presents the distribution statis-
tics of the gradient cosine similarity across all batches. Under the FGDL setting,
the overall gradient distribution concentrates in the positive region. This demon-
strates that FGDL can continuously guide the unimodal gradients to maintain
directional consistency with the multimodal fusion gradients throughout the
training dynamics.

4 Conclusion

This paper presents a robust multimodal framework for fundus disease recog-
nition, designed to address current limitations in optimization dynamics and
feature representation. The proposed FGDL strategy effectively resolves gradi-
ent conflicts by guiding the unimodal encoders to optimize toward the global
fusion objective without inducing suppression. Furthermore, the CMSA module
enhances model performance by capturing long-range cross-modal semantic as-
sociations. Combined with the data augmentation strategy, our method achieves
SOTA performance on two public datasets.

Disclosure of Interests. The authors have no competing interests to declare.
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