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ABSTRACT

Multimodal learning that integrates Color Fundus Photography (CFP) and
Optical Coherence Tomography (OCT) can enhance retinal disease recog-
nition by combining surface appearance with depth-resolved structural
cues. However, the limited availability of synchronized 2D-3D CFP-OCT
datasets hinders the deployment of multimodal AT in real-world screening
settings where OCT devices are often unavailable. This study investi-
gates whether synthetic 3D OCT volumes can serve as a practical auxil-
iary modality to support multimodal classification in fundus-only scenar-
ios. We synthesize 3D OCT from fundus images using three generative
paradigms—a 3D GAN (DCGAN/WGAN-GP style), a 3D VAE-GAN,
and a fundus-conditioned latent diffusion model (3D-DDPM with classifier-
free guidance)—and integrate the generated volumes into an EyeMoST-
based uncertainty-aware fusion framework. We evaluate the pipeline on
RFMiD and ODIR-5K across multiple backbone configurations. Empiri-
cally, diffusion-generated OCT yields the most stable fusion performance.
In contrast, synthetic OCT does not consistently outperform strong fundus-
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1. INTRODUCTION

Retinal diseases, including age-related macular de-
gen—eration (AMD), diabetic retinopathy (DR), and
glaucoma, are among the leading causes of visual im-
pairment and irreversible blindness worldwide. Early
detection and timely intervention play a critical role
in preserving vision and reducing disease burden
[1]. In clinical practice, Color Fundus Photography
(CFP) is widely adopted for large-scale screening due
to its accessibility, low acquisition cost, and ease of
operation [2]. However, CFP provides only a two-
dimensional view of the retinal surface, which can
limit sensitivity to pathologies that manifest primar-
ily in deeper retinal layers.

Optical Coherence Tomography (OCT), by con-
trast, offers high-resolution cross-sectional and volu-
metric imaging of retinal microstructure. OCT en-

ables the assessment of depth-related abnormalities
that may be subtle or invisible in CFP, such as mac-
ular edema, subretinal fluid, and structural changes
across retinal layers. Prior studies have demonstrated
that multimodal learning can improve diagnostic per-
formance by integrating complementary information
from CFP and OCT within computer-aided diagnosis
(CAD) systems [3, 4]. Despite its promise, the prac-
tical adoption of multimodal AI remains constrained
by the scarcity of synchronized paired CFP-OCT
datasets. OCT systems are expensive and require
more complex acquisition protocols, which makes
OCT less available in many screening programs and
resource-limited settings [5].

This limitation motivates a practical question:
can generative models be used to bridge the missing-
modality gap by synthesizing OCT volumes from
widely available fundus images? Recent advances
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in generative medical imaging—particularly diffusion
probabilistic models—have shown strong ability to
generate realistic samples with improved training sta-
bility compared with adversarial methods [6, 7]. In
principle, if high-quality 3D OCT volumes can be
generated from CFP, multimodal classifiers could
leverage both surface and depth cues without requir-
ing OCT devices at the initial screening stage.

However, an important issue is that the useful-
ness of synthetic OCT should not be judged by vi-
sual realism alone. For clinical decision support, the
central question is whether synthetic OCT improves
downstream disease recognition under realistic chal-
lenges such as class imbalance, cross-dataset domain
shift, and potential artifacts introduced by genera-
tion. Moreover, in a hybrid setting where one modal-
ity is real (fundus) and the other may be synthetic
(OCT), robust fusion requires mechanisms that can
adaptively discount unreliable information. To ad-
dress this, we adopt EyeMoST [8], an uncertainty-
aware multimodal framework. EyeMoST standard-
izes modality-specific representations and models fu-
sion uncertainty, thereby mitigating modality domi-
nance and reducing sensitivity to noisy auxiliary in-
puts.

In this work, we propose and systematically
evaluate a unified multimodal pipeline that inte-
grates (i) synthetic 3D OCT generation from CFP
and (ii) uncertainty-aware fusion for retinal dis-
ease recognition. We compare three major gen-
erative paradigms—GAN-based, VAE-GAN-based,
and diffusion-based synthesis—under an identical
EyeMoST-based fusion framework. We conduct ex-
periments on RFMiD [9] and ODIR-5K [10] using
multiple CNN and Transformer backbones for both
2D and 3D branches. Through this controlled evalu-
ation, we aim to clarify when synthetic OCT helps,
when it fails to improve over fundus-only baselines,
and which factors (e.g., synthetic-to-real domain gap
and biomarker preservation) most strongly influence
performance.

The main contributions of this study are summa-
rized as follows:

e We develop a unified multimodal pipeline that
enables Fundus+OCT learning in fundus-only
settings by synthesizing 3D OCT volumes from
CFP and integrating them into an uncertainty-
aware fusion model.

e We provide a controlled comparison of three
OCT synthesis families (3D GAN, 3D VAE-GAN,
and fundus-conditioned 3D diffusion with CFG)
within the same EyeMoST-based fusion frame-
work, isolating the impact of the generator on
downstream recognition.

e We benchmark multiple 2D/3D backbone
configura-tions (CNN- and Transformer-based)
on RFMiD and ODIR-5K and analyze failure
cases where synthetic OCT does not consistently
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surpass fundus-only base-lines due to domain
mismatch, severe class imbalance, and imperfect
pathology preservation.

2. RELATED WORKS

The development of computer-aided systems for
reti—mnal disease diagnosis has undergone a significant
transition from conventional image-processing ap-
proaches to modern deep learning architectures. Con-
volutional neural networks (CNNs), such as Res2Net
[11] and EfficientNet [12], have established themselves
as foundational models for feature extraction from
color fundus photography (CFP). Nevertheless, these
CNN-based architectures are inherently constrained
in modeling long-range pathological dependen—cies
due to the limited receptive fields of convolutional op-
erations. To address this limitation, attention-based
architectures, including the Vision Transformer (ViT)
and UNETR [13, 14], have been widely adopted. In
particular, UNETR demonstrates notable advantages
in three-dimensional data analysis because it captures
global contextual information. This capability en-
ables more effective identification of complex struc-
tural alterations in OCT volumes [14]. Despite their
promise, the deployment of such models in clinical
settings remains challenged by the scarcity of high-
quality paired 2D-3D datasets.

To alleviate data scarcity, generative artifi-
cial intel-ligence (Generative AI) techniques have
emerged as a dominant strategy for data augmenta-
tion [15]. Early efforts predominantly relied on gen-
erative adversarial networks (GANSs) [16] to synthe-
size OCT images from 2D fundus inputs. Although
GAN-based methods are capable of producing visu-
ally detailed images, they often suffer from training
instability and may introduce spurious artifacts that
lack clinical relevance. Such artifacts can undermine
the reliability of downstream classification models,
as GANs tend to prioritize perceptual realism over
anatomical and pathological fidelity.

More recently, the transition toward diffusion-
based models, particularly diffusion probabilistic
models (DDPMs), has provided a more stable
paradigm for medical image synthesis. Unlike the ad-
versarial training mechanism of GANs, DDPMs learn
the data distribution through a progressive denoising
process, resulting in synthetic OCT images with im-
proved structural consistency. Recent studies, such
as Gen-3Diffusion [17], have further attempted to pre-
serve subtle pathological biomarkers during the trans-
formation between 2D and 3D modalities. However,
despite these improvements, a substantial domain gap
persists between synthetic and real-world OCT data.
Most existing works primarily emphasize visual syn-
thesis quality, while offering limited rigorous analysis
of the actual contribution of synthetic data within
multimodal fusion frameworks.

In addition to data generation challenges, effective
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feature fusion across heterogeneous imaging modal-
ities remains a critical technical hurdle. Conven-
tional fusion strategies often lead to modality domi-
nance, where the model disproportionately relies on
one imaging source while neglecting complementary
information from the other. The EyeMoST frame-
work [8] addressed this issue by introducing feature
standardization before multimodal integration. This
standardization promotes balanced information uti-
lization across modalities. Nevertheless, the inter-
action between synthetic data generated by hybrid
GAN-DDPM approaches and powerful backbones
such as ResNet3D has yet to be thoroughly inves-
tigated. To bridge this gap, the present study sys-
tematically evaluates the roles of both GAN- and
DDPM-generated synthetic data. The study also uses
an uncertainty-aware fusion mechanism to assess the
feasibility and reliability of synthetic data usage in
modern clinical diagnostic pipelines.

3. METHOD
3.1 Data Overview

This study evaluates the proposed uncertainty-
aware multi-modal framework using three publicly
available ophthalmic datasets: RFMiD, ODIR-5K,
and OLIVES. Fundus images serve as the primary
modality. RFMiD and ODIR-5K provide fundus pho-
tographs with multi-label disease annotations, while
OLIVES provides paired multimodal fundus—OCT
data and is used as (i) an upper-bound reference with
real OCT and (ii) the source dataset to train OCT
synthesis models [2, 18, 6, 3, 19].

RFMiD. RFMiD (ISBI 2021) contains 3,200 color
fundus images annotated with 46 conditions (45 dis-
eases and 1 normal). In this study, to reduce label
sparsity and stabilize multi-label training, the origi-
nal label space is consolidated into 8 disease groups:
DR, ARMD, MH, DN, MYA, TSLN, ODC, OTHER.
The NORMA L label is defined by complement: NOR-
MAL=1 if no disease label is positive otherwise the
sample is Abnormal. Under this setting, REMiD in-
cludes 2,531 abnormal images (79.09%) and 669 nor-
mal images (20.91%). Label frequencies are highly
imbalanced (e.g., OTHER and DR are dominant).
RFMiD also exhibits non-trivial co-occurrence: most
samples have a single disease, but a considerable frac-
tion contains 2-3 diseases.

ODIR-5K. ODIR-5K (ODIR 2019) is a clinical
screening dataset collected across multiple hospitals.
Each subject has paired left /right fundus images with
demographic information and diagnostic keywords.
We use the labeled subset only (since the official test
split has no labels), consisting of 3,500 subjects (7,000
fundus images). ODIR-5K is multi-label with 8 cat-
egories: N (Normal), D (Diabetes), G (Glaucoma),
C (Cataract), A (AMD), H (Hypertension), M (My-
opia), O (Other). The dataset is imbalanced: 2,280
images are normal (32.57%) and 4,720 are abnormal

(67.43%). N, D, and O are the most frequent labels,
while H, A, and M are relatively rare. Multi-label
co-morbidity is present: 50.69% of images contain ex-
actly one disease, and the remainder contains two or
more diseases.

OLIVES. OLIVES (NeurIPS 2022) is a multimodal
fundus-OCT dataset focused on diabetic retinal
diseases (DR/DME) with fine-grained clinical and
biomarker an-notations. Each visit includes one fun-
dus IR image and one OCT volume of 49 B-scans
(a 3D cube). In our experiments, OLIVES com-
prises 87 subjects and 96 eyes, totaling 9,408 OCT
B-scans. Besides disease labels, OLIVES provides
16 OCT biomarkers with strong natural imbalance
(some biomarkers are common while others are rare).
We use OLIVES to (i) evaluate fusion with real OCT
as an upper bound, and (ii) train generative models
that synthesize 3D OCT from fundus images for en-
abling multimodal learning on fundus-only datasets.
Synthetic OCT for fundus-only datasets. Since
RFMiD and ODIR-5K do not provide real OCT, we
generate synthetic 3D OCT volumes from fundus im-
ages using deep generative models (e.g., GAN-based
and diffusion-based approaches). Synthetic OCT is
treated as an auxiliary modality and is fed into the
same pipeline as real OCT during training and infer-
ence.

Data splitting protocol. All experiments fol-
low stratified 5-fold cross-validation with subject-
level splitting to prevent leakage and to main-
tain label balance across folds. In each fold, ap-
proximately 64%/16%/20% of samples are used for
train/validation/test. For OLIVES, paired fundus
and OCT from the same subject are always assigned
to the same split. For RFMiD and ODIR-5K, syn-
thetic OCT strictly follows the split of its correspond-
ing fundus image no synthetic OCT derived from vali-
dation/test samples is used to train the models. Class
imbalance handling (if applied) is performed only on
the training split. The validation and test splits pre-
serve the original label distributions.

3.2 Model
3.2.1 Overall System Architecture

The proposed system primarily focuses on mul-
timodal eye disease recognition (Fundus + OCT)
within a unified architecture. It adopts a dual-branch
parallel design, where the fundus branch extracts
surface-level features using 2D backbones (CNNs or
Vision Transformers), while the OCT branch cap-
tures depth-aware structural information through 3D
architectures such as ResNet3D or UNETR. The two
modalities are integrated via an uncertainty-aware fu-
sion mechanism based on the EyeMoST framework,
in which modality-specific representations are mod-
eled using Student’s t-distributions. This design al-
lows the system to dynamically adjust the contribu-
tion of fundus and OCT features according to their es-
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(b) ODIR-5K left eye. (¢) ODIR-5K right eye.
Fig.1: Representative fundus images from RFMiD
and ODIR-5K.
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Dataset label distributions (RFMiD and
5K).

OLIVES Dataset Summary

Modality ~ Per Visit  Per Eye  Total Statistics Overview
General:
ocT 49 Np*49 78189 96 Eyes, Visits every 4-16 weeks,
Average 16 visits and 7 injections/patient
Fundus 1 Np 1268 Clinical Labels obtained every visit:
BCVA, CST, Patient ID, Eye ID
Clinical 4 Np*4 5072 Biomarkers labeled:
IRHRF, FAVF, IRF, DRT/ME PAVF, VD,
Biomarker 16 1568 150528 Preretinal Tissue, EZ Disruption, IR Hemmorhages,

SRF, VMT, Atrophy, SHRM, RPE Disruption,
Serous PED

Fig.3: OLIVES dataset summary.

timated reliability, thereby mitigating modality dom-
inance and reducing the impact of noise.

In scenarios where real OCT data are unavailable,
a fundus-to-OCT generation module is activated as
an auxiliary component to provide complementary
volumetric cues for the OCT branch. Synthetic 3D
OCT volumes are generated using multiple paradigms
(GAN, VAE-GAN, and diffusion-based models), with
the diffusion-based generator selected as the default
due to its more stable optimization and more con-
sistent downstream fusion performance. This auxil-
iary design enables the system to preserve the multi-
modal recognition framework and to produce multi-
label predictions accompanied by explicit uncertainty
estimates, making it suitable for clinical screening in
resource-limited settings.

3.2.2  Res2Net-50 (2D) and ResNet3D (3D) Default
backbones in the proposed model.

In our proposed multimodal framework, we adopt
Res2Net-50 as the primary 2D backbone for fundus
feature extraction and ResNet3D as the primary 3D
backbone for OCT volumetric representation. This
backbone pair constitutes the default configuration of
the EyeMoST-based fusion model in our experiments,
while other CNN /Transformer backbones are treated
as comparative baselines.

Deep convolutional neural networks (CNNs) have
achieved strong performance in medical image anal-
ysis however, increasing depth may introduce opti-
mization challenges such as vanishing or exploding
gradients, which can slow convergence and degrade
accuracy. Residual learning mitigates these issues by
introducing identity shortcut connections, enabling
stable training of very deep networks [11]. Instead of
learning the mapping H (x) directly, a residual block
learns the residual function F(x) = H(x) — x, and
computes the output as:

y =+ F(z), (1)

where x and y denote the input and output feature
maps, respectively.

2D fundus backbone (Res2Net-50). The fundus
branch employs Res2Net-50 to encode surface-level
retinal appearance from color fundus photographs.
Res2Net-50 follows the Res2Net bottleneck design,
where each bottleneck block consists of three con-
volutions: a 1 x 1 layer for channel reduction, a
3 x 3 layer for spatial feature extraction, and a fi-
nal 1 x 1 layer for channel restoration. This bottle-
neck structure reduces computation while preserving
representational capacity, which is essential for large-
scale screening datasets.

Beyond standard ResNet, Res2Net introduces ex-
plicit multi-scale representation within a single resid-
ual block by splitting channels into several groups
(scales) and performing hierarchical feature interac-
tions across these groups. This design is well aligned
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Fig.4: Overall system architecture of the proposed multimodal eye disease recognition framework.

with fundus disease recognition, where pathological
cues appear at multiple spatial scales (e.g., small mi-
croaneurysms versus larger hemorrhages/exudates).
After the final stage, global average pooling is ap-
plied to obtain a compact fundus embedding:

f=Es(xy) eRY, (2)

where z; is the fundus image and Ey(-) denotes the
Res2Net-50 encoder.

3D OCT backbone (ResNet3D). To model vol-
umetric OCT data (real or synthetically generated),
we employ a 3D residual encoder (ResNet3D) in the
OCT branch. ResNet3D extends residual learning to
3D inputs by replacing 2D operators with their 3D
counterparts (Conv3D and Pool3D), thereby enabling
joint feature learning along depth, height, and width.
This design is suitable for OCT volumes, where clin-
ically meaningful patterns are distributed across ad-
jacent B-scans and retinal layers. Given an OCT vol-
ume zo € RPXHXW the OCT branch produces a
volumetric embedding:

o= E,(z,) € R, (3)

where E,(-)denotes the ResNet3D encoder. By cap-
turing inter-slice dependencies and depth-resolved
morphology, ResNet3D provides complementary
structural cues that are effective for OCT-based clas-
sification [19].

Role in multimodal fusion. Within the proposed
system, Res2Net-50 (2D) and ResNet3D (3D) serve as
modality-specific encoders that extract embeddings
f and o from fundus and OCT inputs, respectively.
These representations are subsequently integrated
by the uncertainty-aware fusion module (EyeMoST)
described in the following sections. Importantly,

since the OCT modality may be synthetically gen-
erated (DCGAN/VAE-GAN/Diffusion), uncertainty-
aware fusion allows the model to adjust the contribu-
tion of OCT features when their reliability is lower,
enabling controlled multimodal integration rather
than naive feature aggregation.

3.23 VGGI16

VGG16 is a deep convolutional neural network
(CNN) designed to extract hierarchical features
through the consistent use of small 3 x 3 convolu-
tional filters. In this study, VGG16 is deployed in
the 2D fundus branch to learn fundamental morpho-
logical representations of the retina. The operation
of a convolutional layer can be formulated as:

yi=o (4)

Z wg) * xgl_l) + b;-l)
i€M;

where o denotes the ReLU activation function, wg-)
represents the filter weights at layer [, and * indi-
cates the 2D convolution operation. VGG16 serves as
an important baseline for evaluating the effectiveness
of stacking simple convolutional layers compared to
more advanced architectures in retinal disease recog-
nition. VGG16 is included as a conventional CNN
baseline to assess the effectiveness of deeper and more
recent feature extractors in retinal disease recogni-
tion.

3.2.4 EfficientNet-B3

EfficientNet-B3 represents a major advancement in
optimizing CNN performance through simultaneous
scaling along three dimensions: network depth (d),
width w), and input resolution (r). This balanced
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scaling strategy is governed by a compound coefficient

¢:

st.d=a® w=p% r=~%,

(5)

where the constants «,3, and ~ are determined
via Neural Architecture Search (NAS). By leverag-
ing Mobile Inverted Bottleneck Convolution (MB-
Conv) blocks, EfficientNet-B3 enables the extraction
of fine-grained pathological features—such as microa-
neurysms or hemorrhages—from fundus images with
high accuracy, while maintaining significantly lower
computational cost compared to traditional CNN ar-
chitectures. EfficientNet-B3 is used as an efficient
CNN baseline to evaluate whether compound-scaled
convolutional features improve fundus-based disease
recognition.

3.2.5 Vision Transformer (ViT)

In contrast to convolution-based mechanisms, the
Vision Transformer (ViT) processes images as se-
quences of flattened patches. Its core component is

the Multi-Head Self-Attention (MSA) layer, which al-
lows the model to learn global contextual relation-
ships across all regions of a fundus image. The scaled
dot-product attention mechanism is formulated as:

QK"
e

where @, K, and V denote the Query, Key, and Value
matrices, respectively. ViT overcomes the recep-
tive field limitations inherent to CNNs, making it
particularly effective for identifying pathological pat-
terns that are spatially dispersed across the retinal
surface. ViT-B/16 is used as a Transformer-based
fundus baseline to examine the effect of global self-
attention on retinal disease recognition.

Attention (Q, K, V') = softmax ( ) V., (6)

3.2.6 UNETR (Transformer-based 3D Architec-
ture)

UNETR (U-Net Transformer) is implemented in
the 3D OCT processing branch to extract layer-
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wise morphological information from volumetric data.
UNETR employs a pure Transformer encoder to
capture long-range spatial dependencies in three-
dimensional space, which is subsequently connected
to a convolutional decoder through multi-scale skip
connections:

This architecture enables UNETR to preserve fine
spatial details while simultaneously modeling the
global structure of OCT volumes. UNETR serves
as an advanced benchmark for direct comparison
with the proposed ResNet3D model. This compar-
ison supports an in-depth evaluation of whether pure
Transformer-based architectures or residual 3D con-
volutional networks are more effective for process-
ing synthetic OCT data. UNETR is used as a
Transformer-based 3D baseline for comparison with
ResNet3D. This baseline evaluates whether long-
range volumetric attention provides advantages over
residual 3D convolutional encoding for synthetic
OCT-based classification.

3.3 Synthetic 3D OCT Generation

To enable multimodal learning in fundus-only sce-
narios, we synthesize 3D OCT volumes and use
them as an auxiliary modality for downstream dis-
ease recognition. We implement and evaluate three
generative paradigms in our system: (i) a 3D GAN
trained with a Wasserstein objective and gradi-
ent penalty (DCGAN/WGAN-GP style), (ii) a 3D
VAE-GAN, and (ili) a fundus-conditioned latent
diffusion model (DDPM) equipped with classifier-
free guidance (CFG). These methods represent three
major families of generative models and allow a
systematic comparison in terms of training stabil-
ity, anatomical realism, and their contribution to
uncertainty-aware multimodal classification.

Let x; denote a fundus image and z,, € RP*H*W
denote the corresponding OCT volume (in our imple-
mentation, D=49, H=256, W=128). In our pipeline,
all generators are trained on OLIVES to learn a real-
istic OCT manifold. They are then used to synthesize
OCT volumes for datasets where only fundus images
are available (e.g., ODIR-5K and RFMiD). The syn-
thesized OCT is used only as auxiliary input to the
multimodal classifier when real OCT is available, syn-
thesis is bypassed and z, is directly utilized.
3D GAN-based OCT generation (DCGAN/
WGAN-GP style). We first implement a 3D GAN
that maps latent noise z ~ N(0,1) to an OCT volume:

o = G(2). (8)

A 3D discriminator D is trained to distinguish real
OCT volumes from generated ones. To improve sta-
bility for high-dimensional volumetric synthesis, we
adopt a Wasserstein objective with gradient penalty

Fig.7: Representative real OCT slice from OLIVES
used as reference for synthetic OCT generation.

(WGAN-GP):

E.[D(G(2))] - Eq, [D(,)] (9)
+ /\nga”c[(HViD(i)\h*l)z] '

where ¥ is sampled along straight lines between real
and generated volumes. The generator is trained with
the adversarial loss

Laav = —E.pa(2)) (10)

augmented with structure-preserving regularizers to
en-courage anatomically plausible retinal layers, e.g.,

Lo = Lagv + M1 ||$O - .1~30H1 + AssimSSIM3p (JJO, .fo).
(11)

While GAN-based synthesis can produce sharp
samples, it is typically sensitive to hyperparameters
and may exhibit instability or mode collapse when
modeling full 3D retinal structure. In our imple-
mentation, the generator progressively upsamples a
low-dimensional latent representation into a 3D OCT
volume using a coarse-to-fine decoding pipeline. The
discriminator is designed as a 3D critic that evaluates
both real and generated OCT volumes and outputs
patch-level realism scores, which are aggregated into
a scalar Wasserstein score.

To stabilize training, the gradient penalty is ap-
plied to interpolated samples between real and gen-
erated volumes, thereby enforcing the Lipschitz con-
straint required by the WGAN-GP formulation. This
design enables adversarial learning of volumetric reti-
nal structures while reducing training instability.
Nevertheless, adversarial supervision alone may not
preserve clinically relevant retinal-layer morphology
or disease-specific biomarkers therefore, reconstruc-
tion and structural consistency losses are included to
further constrain the generated OCT volumes.
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(a) Example 1. (b) Example 2.

Fig.8: Representative synthesized 3D OCT samples
generated by the GAN-based model.

3D VAE-GAN-based OCT generation. To im-
prove training stability and learn a regularized latent
representation, we further explore a 3D VAE-GAN
formulation. An encoder E maps an OCT volume
to a latent distribution ¢(z|x,), and a generator (de-
coder) reconstructs the volume from sampled latent
codes:

(1, logo?) = E(x,), Zzu—i—a@e,ewj\f(O,I),

Zo = G(2).
(12)

Training combines (i) reconstruction fidelity, (ii)
KL regularization toward a standard Gaussian prior,
and (iii) adversarial supervision via a 3D discrimina-
tor to preserve fine structural details:

EVAE—GAN :/\1 on - j}oHl + )\ssimSSIMZ’»D(xO - jo)

+ /BleL(Q(Z|CCO) ||N(07 I) + MadvLadv-
(13)

where L,4, is implemented using a WGAN-style
critic. Compared to a plain GAN, the explicit recon-
struction constraint generally stabilizes training and
improves coverage of anatomical variations, while the
adversarial term helps mitigate oversmoothing and
enhances retinal-layer sharpness.
Fundus-conditioned latent diffusion (DDPM
with CFG). We employ a fundus-conditioned latent
diffusion model as the third generative paradigm and
as the primary generator in our final system. This
design decouples (a) learning a compact 3D OCT la-
tent space and (b) learning fundus-guided generation
in that latent space. Concretely, a lightweight 3D
VAE encodes the OCT volume into a latent tensor z,

z = Enc(z,), (14)

and a 3D U-Net ¢y is trained to predict the injected

(a) Example 1.

(b) Example 2.

Fig.9: Representative synthesized 3D OCT samples
generated by the 3D VAE-GAN.

noise at diffusion step ¢ under conditioning from a
fundus embedding c(z):

2zt = Vouz + V1 — age, e ~N(0,1), (15)
Laiet =B 4 cfllemco(ortre(e) 2] (16)

We adopt classifier-free guidance (CFG) by ran-
domly dropping the conditioning vector during train-
ing (conditioning dropout) to learn both conditional
and unconditional score estimates within a single
network. At inference, conditional and uncondi-
tional predictions are combined to strengthen fundus-
consistent retinal structures, and the predicted latent
is decoded back to the OCT space:

(17)

Compared with GAN and VAE-GAN baselines,
the diffusion model provides markedly more stable
optimization and typically yields more coherent vol-
umetric layer organization. However, this improve-
ment comes with higher sampling cost.

%o = Dec(2).

(a) Example 1.

(b) Example 2.

Fig.10: Representative synthesized 3D OCT sam-
ples generated by the diffusion model.
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Usage in the downstream multimodal classi-
fier. Synthetic OCT volumes are used exclusively
as auxiliary inputs to the multimodal disease recog-
nition model. For datasets without OCT, we gener-
ate a pseudo-OCT volume z, for each fundus image
and feed {z,Z,} into the fusion network. When real
OCT is available, we bypass synthesis and directly use
{z,x,}. This unified setup enables a controlled com-
parison of 3D generative strategies and their effects
on uncertainty-aware multimodal eye disease classifi-
cation.

Primary generator in our system. Although we
implement and evaluate GAN- and VAE-GAN-based
generators as competitive baselines, the diffusion-
based model is selected as the primary OCT synthesis
module in our final system due to its superior train-
ing stability and its ability to generate more anatom-
ically coherent volumetric structures. Therefore, un-
less otherwise stated, all subsequent fundus-only mul-
timodal results in this work adopt diffusion-generated
OCT as the default synthetic modality.

4. RESULTS AND DISCUSSION

Unless otherwise stated, all reported results are
averaged over 5-fold cross-validation. We report three
metrics: Fl-macro, Recall, and AUPRC.

4.1 Evaluation on the OLIVES Dataset with
Real OCT

We first evaluate multimodal models on OLIVES
using real OCT volumes to provide an upper-bound
reference for fundus—OCT fusion.

Table 1: Performance on OLIVES with real
OCT (5-fold average). Metrics: F1-macro, Recall,
AUPRC.
Model Fl-macro Recall AUPRC
Res2Net-50 + ResNet3D-10 0.971 0.974 0.995
EffNet-B3 + UNETR 0.960 0.979 0.995
ViT-B/16 + UNETR 0.955 0.975 0.995
VGG16 + ResNet3D-10 0.953 0.943 0.990

Table 1 shows consistently strong performance
across multimodal architectures when real OCT is
available. Res2Net-50 + ResNet3D-10 provides the
best overall balance with the highest F1-macro, while
EffNet-B3 + UNETR attains the highest Recall. The
high AUPRC across methods suggests that real OCT
provides informative complementary signals, result-
ing in stable fusion performance.

4.2 Fundus-Only Baseline on OLIVES

To quantify the contribution of OCT, we evaluate
fundus-only baselines on OLIVES by removing the
OCT branch under the same 5-fold protocol.

As shown in Table 2, fundus-only models maintain
high Recall and competitive AUPRC on OLIVES,
indi-cating that fundus images alone provide strong

Table 2: Fundus-only performance on OLIVES (5-
fold average). Metrics: F1-macro, Recall, AUPRC.

Model Fl-macro Recall AUPRC
Res2Net-50 0.896 0.948 0.960
ViT-B/16 0.885 0.937 0.955
EffNet-B3 0.876 0.935 0.943
VGG16 0.816 0.930 0.911

diagnostic cues. However, compared with multimodal
learning using real OCT (Table 1), fundus-only set-
tings show lower Fl-macro and AUPRC, suggesting
that OCT helps improve label balance and robustness
under class imbalance. Among fundus-only back-
bones, Res2Net-50 provides the strongest overall bal-
ance.

4.3 EyeMoST on OLIVES with Synthetic
OoCT

We evaluate EyeMoST (Res2Net-50 + ResNet3D-
10) on OLIVES using synthetic OCT generated by
diffusion, VAE-GAN, and DCGAN. All settings are
fixed only the OCT source varies.

Table 3: FEyeMoST on OLIVES with synthetic
OCT (5-fold average). Metrics: F1-macro, Recall,
AUPRC.

OCT source Fl-macro Recall AUPRC
Diffusion 0.912 0.958 0.972
VAE-GAN 0.899 0.950 0.963
DCGAN 0.885 0.942 0.950

Table 3 shows that diffusion yields the strongest
synthetic-OCT performance on OLIVES across F1-
macro, Recall, and AUPRC. VAE-GAN performs be-
low diffusion DCGAN shows the lowest results. Over-
all, the generator ranking on OLIVES is Diffusion >
VAE-GAN > DCGAN.

4.4 Overall Comparison on OLIVES by OCT
Source

We summarize OLIVES results across settings:
fundus-only vs EyeMoST with synthetic OCT vs Eye-
MoST with real OCT. Res2Net-50 is used as the
fundus-only reference, and EyeMoST is fixed for mul-
timodal settings.

Table 4: Summary on OLIVES by OCT source (5-
fold average). Metrics: F1-macro, Recall, AUPRC.

Setting Fl-macro Recall AUPRC
Fundus-only (Res2Net-50) 0.896 0.948 0.960
EyeMoST + Diffusion 0.912 0.958 0.972
EyeMoST + VAE-GAN 0.899 0.950 0.963
EyeMoST + DCGAN 0.885 0.942 0.950
EyeMoST + Real OCT 0.971 0.974 0.995

Table 4 supports three points: real OCT provides
the strongest upper bound diffusion-based synthetic
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OCT improves over the best fundus-only baseline on
OLIVES and the ranking Diffusion > VAE-GAN >
DCGAN remains consistent among synthetic genera-
tors.

4.5 Fundus-Only Results on RFMiD and

ODIR-5K

We establish fundus-only baselines on RFMiD and
ODIR-5K as references for subsequent fusion experi-
ments.

Table 5: Fundus-only performance on RFMiD (5-
fold average). Metrics: F1-macro, Recall, AUPRC.

Model Fl-macro Recall AUPRC
Res2Net-50 0.7407 0.7594  0.8090
VGG16 0.7259 0.7158  0.7983
EffNet-B3 0.7083 0.7114  0.7920
ViT-B/16 0.7109 0.6896  0.7771

On RFMiD (Table 5), Res2Net-50 yields the
strongest fundus-only baseline across all three met-
rics.

Table 6: Fundus-only performance on ODIR-5K (5-
fold average). Metrics: F1-macro, Recall, AUPRC.

Model Fl-macro Recall AUPRC
Res2Net-50 0.5386 0.5265  0.5782
VGG16 0.5938 0.6369 0.6170
EffNet-B3 0.5614 0.6214  0.5856
ViT-B/16 0.5532 0.5412 0.5682

On ODIR-5K (Table 6), VGG16 provides the
strongest fundus-only baseline across F1l-macro, Re-
call, and AUPRC.

Notably, a performance discrepancy is observed
in the Fundus-only baselines across the three bench-
marks, with Fl-macro scores of 0.896, 0.7407, and
0.5386 for OLIVES, RFMiD, and ODIR-5K, respec-
tively.  Although the core architecture (Res2Net-
50) remains identical, these variances are inherently
driven by the distinct task complexity and dataset-
specific characteristics.

First, the classification objective differs signifi-
cantly: OLIVES focuses on a binary detection task
(DME vs. non-DME), which represents a rela-
tively lower hypothesis space. In contrast, RFMiD
and ODIR-5K require multi-label classification across
eight categories. The necessity of identifying co-
occurring pathologies and overlapping clinical signs in
these datasets expands the label cardinality, thereby
increasing the difficulty of maintaining a high macro-
averaged F1 score.

Second, class imbalance and image variability play
critical roles. ODIR-5K, as a real-world multi-center
dataset, exhibits extreme class imbalance and high
intra-class heterogeneity due to varying acquisition
protocols across clinical sites. Such factors, coupled

with the long-tailed distribution of rare pathologies,
disproportionately degrade macro-averaged metrics
compared with controlled, single-modality environ-
ments like OLIVES.

4.6 Fusion with Synthetic OCT on RFMiD
and ODIR-5K

We evaluate multimodal fusion (fundus + syn-
thetic OCT) on RFMiD and ODIR-5K, where OCT
is generated by diffusion, VAE-GAN, or DCGAN.

Table 7: Fusion on RFMiD with synthetic OCT (5-
fold average). Metrics: F1-macro, Recall, AUPRC.

Model Metric Diffusion VAE-GAN DCGAN
Res2Net-50 +  Fl-macro 0.6852 0.6615 0.6569
ResNet3D-10  Recall 0.6425 0.6086 0.5937
AUPRC 0.7250 0.7243 0.7185
VGG16 + Fl-macro  0.6715 0.6550 0.6480
ResNet3D-10  Recall 0.6510 0.6150 0.6050
AUPRC 0.7180 0.7150 0.7120
EffNet-B3 + Fl-macro  0.6650 0.6480 0.6410
UNETR Recall 0.6350 0.6020 0.5850
AUPRC 0.7100 0.7080 0.7050
ViT-B/16 + Fl-macro  0.6580 0.6420 0.6350
UNETR Recall 0.6280 0.5950 0.5820
AUPRC 0.7050 0.7020 0.7000

On RFMiD (Table 7), diffusion-based fusion yields
the strongest results across the three metrics for all
backbone pairs. The best configuration (Res2Net-50
+ ResNet3D-10) achieves Fl-macro = 0.6852, Recall
= 0.6425, and AUPRC = 0.7250. Overall, the gen-
erator ranking on RFMiD is consistent: Diffusion >
VAE-GAN > DCGAN.

Table 8: Fusion on ODIR-5K with synthetic
OCT (5-fold average). Metrics: F1-macro, Recall,
AUPRC.
Model Metric Diffusion VAE-GAN DCGAN
Res2Net-50 + Fl-macro 0.5276 0.5150 0.5085
ResNet3D-10  Recall 0.4572 0.4450 0.4380
AUPRC 0.5852 0.5780 0.5720
VGGI16 + Fl-macro 0.5185 0.5080 0.5015
ResNet3D-10  Recall 0.4480 0.4320 0.4250
AUPRC 0.5750 0.5650 0.5600
EffNet-B3 + Fl-macro 0.5120 0.5010 0.4950
UNETR Recall 0.4350 0.4250 0.4180
AUPRC 0.5680 0.5580 0.5550
ViT-B/16 + Fl-macro 0.5050 0.4950 0.4880
UNETR Recall 0.4280 0.4180 0.4100
AUPRC 0.5620 0.5520 0.5480

On ODIR-5K (Table 8), diffusion again provides
the strongest fusion results among synthetic sources,
but overall performance remains limited. In most
configurations, F1l-macro and Recall are lower than
fundus-only baselines, and AUPRC does not improve
consistently, indicating that synthetic OCT does not
reliably add discriminative signal under ODIR-5K im-
balance and heterogeneity. Nevertheless, the gener-
ator ranking remains consistent on ODIR-5K: Diffu-
sion > VAE-GAN > DCGAN.
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4.7 Analysis of the Impact of Synthetic OCT

A direct comparison between fundus-only baselines
and fusion models with synthetic OCT shows that
generated OCT does not consistently improve F1-
macro, Recall, or AUPRC on fundus-only datasets
(RFMiD and ODIR-5K). On RFMiD, the best
fundus-only baseline (Res2Net-50) achieves F1-macro
= 0.7407, Recall = 0.7594, and AUPRC = 0.8090
(Table 5), whereas the best fusion configuration with
diffusion reaches F1-macro = 0.6852, Recall = 0.6425,
and AUPRC = 0.7250 (Table 7). On ODIR-5K, the
best fundus-only model (VGG16) also attains higher
Fl-macro, Recall, and AUPRC than most fusion con-
figurations (Table 6 vs. Table 8).

A clearer interpretation can be obtained by ana-
lyzing RFMiD and ODIR-5K separately, as well as
comparing the two table pairs.

A comparison across the two table pairs further
reveals that the impact of synthetic OCT differs be-
tween RFMiD and ODIR-5K. For RFMiD (Table 5
vs. Table 7), the best fusion result with diffusion-
generated OCT is lower than the best fundus-only
baseline, but the gap remains moderate. In con-
trast, for ODIR-5K (Table 6 vs. Table 8), the per-
formance gap becomes larger, with more pronounced
degradation in Fl-macro and Recall. This indicates
that the negative impact of synthetic OCT is dataset-
dependent and becomes stronger when the target
dataset is more heterogeneous and less aligned with
the synthesis training domain.

For RFMiD (Table 5 vs. Table 7), the fusion model
with synthetic OCT does not outperform the fundus-
only baseline. This result suggests that fundus images
already contain strong discriminative information for
this dataset, allowing Res2Net-50 to achieve compet-
itive performance without additional modalities. In
this setting, synthetic OCT does not provide suffi-
ciently reliable complementary cues. Although the
generated OCT images may appear visually plausi-
ble, they may fail to preserve critical disease-specific
biomarkers, such as subtle retinal layer abnormalities
or fluid-related features. As a result, the auxiliary
modality may introduce ambiguous or noisy signals,
which negatively affect the fusion process and lead to
reduced performance.

For ODIR-5K (Table 6 vs. Table 8), the perfor-
mance drop is more pronounced. The best fundus-
only model (VGG16) surpasses all fusion configura-
tions with synthetic OCT across multiple evaluation
metrics. This can be attributed to the higher hetero-
geneity and class imbalance of ODIR-5K, which make
cross-dataset generalization more challenging. Since
the OCT synthesis model is trained on OLIVES, a
dataset with different disease distributions and imag-
ing characteristics, the generated pseudo-OCT may
not align well with the target domain of ODIR-5K.
Consequently, the synthetic modality may introduce
unstable or misleading structural information, which

further limits the effectiveness of multimodal fusion.

In addition, the fusion mechanism inherently as-
sumes that all modalities provide complementary and
reliable information. However, when the auxiliary
modality (synthetic OCT) contains inaccuracies or
domain inconsistencies, it can degrade the overall
representation rather than enhance it. This effect is
particularly evident when the baseline fundus model
already achieves strong performance, leaving limited
room for improvement unless the additional modality
is of sufficiently high quality.

Despite these limitations, diffusion-based synthesis
consistently produces the strongest results among all
generative approaches. For both RFMiD and ODIR-
5K, diffusion achieves higher F1l-macro, Recall, and
AUPRC than VAE-GAN and DCGAN in fusion set-
tings. This sug-gests that improved synthesis quality
leads to more reliable auxiliary signals and partially
mitigates the negative impact of domain mismatch.

Overall, the results in Tables 5-8 indicate that fu-
sion with synthetic OCT does not consistently im-
prove performance on RFMiD and ODIR-5K, and in
some cases leads to performance degradation. How-
ever, this does not imply that multimodal fusion
is inherently ineffective. Instead, it highlights that
the success of multimodal learning critically depends
on the fidelity, biomarker preservation, and domain
alignment of the synthetic modality. Therefore, fu-
ture improvements in synthesis quality and cross-
dataset generalization are essential to fully realize the
potential of synthetic OCT in multimodal eye disease
recognition.

5. CONCLUSION

In this study, we proposed and systematically eval-
uated a multimodal deep learning framework for reti-
nal disease classification that integrates fundus im-
ages and 3D OCT data. To address the lack of real
OCT data in commonly used public datasets, syn-
thetic OCT volumes were generated and incorporated
as an auxiliary modality. The overall system was de-
signed in a modular manner, consisting of a 3D OCT
generation module and a multimodal disease recogni-
tion module with uncertainty-aware fusion.

Regarding synthetic OCT generation, three rep-
resentative generative paradigms—DCGAN, VAE-
GAN, and conditional diffusion models (DDPM)—were
investigated. Experimental results demonstrate that
diffusion-based OCT generation produces more sta-
ble and consistent volumetric structures, leading to
improved downstream fusion performance on the
RFMiD dataset. In contrast, DCGAN-based genera-
tion suffers from mode collapse and limited biological
diversity, while VAE-GAN improves training stability
but remains inferior to diffusion-based approaches in
most evaluation metrics.

From the recognition perspective, experiments on
the RFMiD dataset show that multimodal Fun-
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dus+OCT fusion models can achieve strong per-
formance under certain configurations, particularly
when powerful backbones such as Res2Net-50 +
ResNet3D or EfficientNet + UNETR are combined.
However, on the ODIR-5K dataset, which is charac-
terized by severe class imbalance and domain discrep-
ancies, multimodal fusion does not yield consistent
improvements over fundus-only models.

The comparison between fundus-only models and
multimodal fusion models reveals that multimodal
learning is not inherently superior when the auxiliary
modality is synthetically generated. In some cases,
synthetic OCT data fail to capture disease-specific
microstructural biomarkers and may act as a source
of noise, leading to marginal or even degraded per-
formance. These findings show that the effectiveness
of multimodal fusion strongly depends on the quality
and reliability of each modality.

Overall, this work emphasizes that the benefit of
multimodal learning is conditional rather than guar-
anteed. Data quality, generative fidelity, and fusion
strategies must therefore be considered carefully. The
integration of uncertainty-aware fusion mechanisms,
such as EyeMoST, shows promise in mitigating the
negative impact of unreliable modalities and improv-
ing robustness in real-world clinical screening scenar-
ios.

Future work may focus on enhancing the fidelity
of synthetic OCT generation, reducing domain mis-
match across datasets, and leveraging self-supervised
or transfer learning techniques to improve general-
ization. In addition, incorporating uncertainty es-
timation into clinical decision-making pipelines re-
mains an important direction for developing trust-
worthy ophthalmic Al systems.
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