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Abstract. Postoperative Best Corrected Visual Acuity (BCVA) pre-
diction is essential for cataract surgical planning. Existing deep learn-
ing methods commonly rely on symmetric fusion, implicitly treating all
modalities as equally reliable. However, in clinical practice, auxiliary
modalities (e.g., SLO, text) are often noisy or missing, while Optical
Coherence Tomography (OCT) provides high-resolution structural evi-
dence of retinal status. Symmetric fusion may distort high-fidelity OCT
representations. To address this, we propose Asym-MSF, an asymmetric
framework that prioritizes OCT as the foundational anchor. We intro-
duce an Asymmetric Latent Bottleneck (ALB), which generates spatial-
aware seeds from OCT to selectively compress auxiliary modalities, ef-
fectively filtering out irrelevant noise before fusion. Furthermore, we de-
sign a Multi-scale HyperNetwork. Unlike standard MLP-based gener-
ators, our module captures multi-granular structural contexts to gen-
erate position-specific kernels. To preserve anatomical fidelity during
dynamic modulation, we integrate a Self-supervised Feature Restorer
(SFR), which reconstructs OCT features under hybrid amplitude, di-
rectional, spatial-gradient, and frequency-consistency constraints. Ex-
periments on a clinical dataset of 2,635 cases demonstrate that Asym-
MSF achieves the best performance among the compared methods, with
a Mean Absolute Error (MAE) of 0.0378. Code is available at https:
//github.com/wyf-cyber/Asym-MSF.

Keywords: Cataract BCVA Prediction · Asymmetric Multimodal Learn-
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1 Introduction

Cataract is a leading cause of global visual impairment [2], making accurate pre-
diction of postoperative Best Corrected Visual Acuity (BCVA) vital for surgical
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planning [10,11]. Clinically, multimodal data provide complementary informa-
tion for accurate prediction and follow a strict hierarchy: Optical Coherence To-
mography (OCT) provides high-fidelity structural resolution of retinal layers [5],
while Scanning Laser Ophthalmoscopy (SLO) and clinical text provide auxiliary
context [1]. Meanwhile, real-world data are often incomplete or heterogeneous,
with auxiliary modalities frequently missing or quality-compromised [15].

Despite this hierarchy, existing multimodal methods largely employ symmet-
ric fusion paradigms, such as feature concatenation or uniform cross-attention
[13,6]. These approaches inadvertently treat noisy auxiliary data as equal to the
high-precision OCT signal. Consequently, when auxiliary modalities are miss-
ing or corrupted, symmetric fusion allows artifacts to propagate into the foun-
dational representation—a phenomenon we term “feature contamination” that
degrades structural integrity. To address this, we propose Asym-MSF, an asym-
metric framework that prioritizes OCT as the structural anchor. Inspired by the
efficiency of dynamic kernel networks [8,14,4], we identify that standard linear
generators lack the inductive bias to perceive multi-scale anatomy and ensure
structural fidelity. We introduce three core innovations:

1) Asymmetric Latent Bottleneck (ALB): Instead of standard concatenation
or transformer blocks [12], ALB generates “spatial-aware seeds” from OCT
to actively query and compress auxiliary modalities, similar to the cross-
attention mechanism in Perceiver architectures [7]. This bottleneck ensures
that only information relevant to the foundational OCT structure is retained,
filtering out noise from incomplete auxiliary data.

2) Multi-scale HyperNetwork for DCM: Standard kernel generators struggle
with the complex, multi-granular variations of retinal layers. We propose a
Multi-scale HyperNetwork within the Dynamic Convolutional Modulation
(DCM) block. By aggregating features through parallel dilated convolutions
with varied receptive fields [16], it generates position-specific kernels sensitive
to both localized lesions and global topological structures.

3) Self-supervised Feature Restorer (SFR): To reduce the risk that dynamic
modulation overfits to auxiliary context or introduces auxiliary-induced dis-
tortions, SFR enforces a self-supervised reconstruction constraint on the
OCT representation. It reconstructs the original OCT signal from the gen-
erated kernels using a novel hybrid loss that constrains amplitude (MSE),
structural continuity via spatial gradients, and spectral integrity through
Fast Fourier Transforms (FFT) [9].

Experiments on 2,635 clinical cases show that Asym-MSF outperforms the
compared multimodal baselines under the same dataset split and evaluation
protocol, achieving an MAE of 0.0378.

2 Methodology

Following the established feature extraction backbone [15], we utilize modality-
specific encoders to project heterogeneous inputs into a unified D-dimensional
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Fig. 1. Overview of our proposed Asym-MSF framework, highlighting the Asymmetric
Latent Bottleneck, Dynamic Convolutional Modulation, and the hybrid constraints in
the Feature Restorer.

latent space. This yields aligned feature sequences Foct,Fslo,Ftext ∈ RB×L×D,
where B is the batch size and L is the sequence length. As illustrated in Fig. 1, our
Asym-MSF framework establishes Foct as the structural anchor, adaptively mod-
ulated by auxiliary contexts via an Asymmetric Latent Bottleneck (ALB) and
a Dynamic Convolutional Modulation (DCM), constrained by a Self-supervised
Feature Restorer (SFR).

2.1 Asymmetric Latent Bottleneck (ALB)

To effectively aggregate heterogeneous signals (SLO and Text) without over-
whelming the OCT structural baseline, we propose the ALB. Instead of using
predefined learnable tokens, ALB dynamically generates N spatial-aware latent
seeds from the OCT features, ensuring the compression is guided by the foun-
dational anatomy.

First, we apply a 1D convolution (kernel size 3) followed by GELU activation
and Adaptive Average Pooling to Foct to condense it into a fixed number of latent
queries Qseed ∈ RB×N×D (where N = 64):

Qseed = AdaptiveAvgPool(GELU(Conv1D(Foct))) (1)

Next, the auxiliary modalities are concatenated as Faux = [Fslo,Ftext] ∈
RB×(Lslo+Ltext)×D. We employ a two-stage cross-attention bottleneck. In the
compression stage, the OCT-derived seeds query the auxiliary features to distill
a refined, compact context Zaux ∈ RB×N×D:

Zaux = MultiHeadAttn(query = Qseed, key = Faux, value = Faux) (2)
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In the feedback stage, the original OCT sequence queries this compressed sum-
mary Zaux to fetch position-specific auxiliary information. The output is fused
via a residual connection and LayerNorm, yielding the localized auxiliary context
Caux ∈ RB×L×D:

Caux = LayerNorm(Foct + MultiHeadAttn(Foct,Zaux,Zaux)) (3)

2.2 Dynamic Convolutional Modulation (DCM)

To integrate Caux into the foundational OCT stream position-by-position, we de-
sign a modulation scheme containing a Multi-scale Kernel Generator and Global
Spectral Filtering.

Multi-scale Dynamic Kernels. We generate token-specific kernels by fusing
the localized auxiliary context with the original OCT feature, i.e., Xcomb =
Caux + Foct. As shown in Fig. 2, we feed Xcomb into a parallel 4-branch 1D
convolutional network to capture complex contextual patterns. The branches
consist of kernel-size-1 convolution and three kernel-size-3 1D convolutions with
respective dilation rates of 1, 2, and 3, granting varied receptive fields.

The concatenated multi-scale features are projected to RB×L×(D·K), where
K = 3 is the target dynamic kernel size. To prevent parameter explosion and
ensure training stability, we normalize and bound the generated weights using a
tanh function scaled by a learnable amplitude parameter s (initialized to 5.0):

Wdyn = s · tanh(LayerNorm(Proj(Concat(Xb1,Xb2,Xb3,Xb4)))) (4)

The tensor is reshaped to RB×L×D×K . During forward propagation, Foct is
locally unfolded into sliding windows of size K. We perform element-wise mul-
tiplication between the sliding windows and Wdyn, followed by aggregation, to
achieve position-aware structural modulation, denoted as Fshort.

Global Spectral Filtering. To complement the local receptive field (K = 3),
we adopt FFT-based filtering [14] to model global token interactions. Let T
denote transposition from B×L×D to B×D×L, and let RLp and R−1

Lp
denote

Real FFT and inverse Real FFT with length Lp = 2⌈log2 L⌉. The spectral branch
is defined as

∆F = T −1CLR−1
Lp

(
RLp

(T (Fshort))⊙Wfreq

)
,

Fout = LN(Foct +Dropout(∆F)) ,
(5)

where CL crops the output back to length L, and Wfreq ∈ C1×D×(Lp/2+1).

2.3 Self-supervised Feature Restorer (SFR)

A persistent risk in adaptive modulation is that the dynamic kernels Wdyn

might overfit to the auxiliary context and discard the critical OCT structural
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Fig. 2. Overview of our proposed multi-scale kernel generator.

fingerprints. To encourage structural fidelity, we introduce the SFR as a pretext
regularization task.

Unlike standard decoders, SFR regularizes the generated kernels through
an OCT reconstruction pretext task. We first apply an additive random per-
turbation to the auxiliary context, C̃aux = Caux + ϵ, to prevent the restorer
from relying solely on context shortcuts[3]. The flattened dynamic kernel is in-
dependently projected back to D dimensions via a non-linear path Pker. The
concatenated pair is then processed by a token-wise MLP decoder D:

F̂oct = D(Pker(Flatten(Wdyn))⊕ C̃aux) (6)

This pretext task forces the multi-scale generator to deeply embed the pris-
tine OCT structural properties into the kernel weights. We optimize this via a
hybrid multi-domain loss function comprehensively constraining the amplitude,
geometry, and frequency components:

Lrec = Lmse(F̂oct,Foct) + λ1Lcos + λ2Lgrad + λ3Lfft (7)

where Lcos = 1−CosSim(F̂oct,Foct) aligns feature directions. Crucially, we intro-
duce a Spatial Gradient loss Lgrad to penalize structural discrepancies between
adjacent tokens (∆F

(l)
oct = F

(l+1)
oct − F

(l)
oct), alongside an MSE loss in the Fourier

domain Lfft to regularize spectral consistency. The balancing coefficients are
empirically set to λ1 = 0.1, λ2 = 0.5, and λ3 = 0.1.

This pretext task encourages the generator to encode OCT structural priors
into Wdyn rather than relying solely on auxiliary context. Since SFR is only an
auxiliary regularizer, its decoder is discarded at inference; the deployed model
retains the regularized, OCT-preserving kernel generator without extra cost.
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3 Experiments and Results

3.1 Dataset and Implementation Details

Clinical Dataset. Following the experimental setup in [15], the dataset com-
prises 2,635 affected eyes from 1,960 cataract patients. The multimodal dataset
contains: (1) Clinical Text: patient demographics, fundus disease history, and
ophthalmologists’ diagnostic descriptions; and (2) Preoperative Images: Opti-
cal Coherence Tomography (OCT) and Scanning Laser Ophthalmoscopy (SLO).

OCT and clinical text are routinely available, while only 988 eyes possess
paired SLO images, corresponding to a missing rate of approximately 63%. This
real-world modality incompleteness motivates our focus on uncertain SLO avail-
ability rather than synthetic modality dropout, which would restrict evaluation
to the smaller complete-modality subset and may introduce selection bias.

The ground truth label is postoperative BCVA, measured using the Loga-
rithm of the Minimal Angle of Resolution (LogMAR). We use the same eye-level
8:1:1 split and evaluation protocol as prior BCVA prediction studies for fair com-
parison. All compared methods are evaluated under the same split and protocol.

Implementation. Experiments were implemented using PyTorch on 8× NVIDIA
RTX 3090 GPUs. All input images were resized to 224 × 224. We utilized the
Adam optimizer with an initial learning rate of 0.003 (β1 = 0.9, β2 = 0.99). The
batch size was set to 64. The hybrid multi-domain reconstruction loss weight is
set to 0.1, the weights of the other loss components and the temperature coeffi-
cient τ are set to be the same as in [15]. The model was trained for 100 epochs
using a StepLR scheduler, which decays the learning rate by a factor of 0.5 every
10 epochs. Performance is evaluated using Accuracy (Acc, percentage of samples
within an error of ±0.10 LogMAR) and Mean Absolute Error (MAE).

3.2 Quantitative Performance

For baselines originally proposed for other multimodal tasks, we adapt their
fusion or missing-modality learning strategies to postoperative BCVA prediction
and evaluate all methods under the same dataset split and protocol. As shown
in Table 1, Asym-MSF achieves the best performance on our clinical dataset,
with an MAE of 0.0378. This corresponds to a 17.3% error reduction over the
strongest contemporary baseline, UML [15]. The improvement is more evident
compared with earlier symmetric fusion methods. For example, CTT-Net [13]
and MAF-Net [6] show limited precision, partly due to insufficient exploitation of
semantic context or the instability of modality-level synthesis. Although MMIN
[17] and IML-Net [18] further address missing modalities through feature-level
imputation, such generative strategies may still introduce biases into high-fidelity
OCT representations when auxiliary modalities are absent or unreliable.

A particularly relevant comparison is with DyKen-Hyena [14], which provides
the structural foundation for dynamic kernel modulation. When directly applied
to our dataset, DyKen-Hyena obtains an MAE of 0.0482. This suggests that its
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MLP-based kernel generator is less effective in capturing the complex multi-scale
anatomical patterns in OCT scans, especially under a high SLO missing rate of
approximately 63

By contrast, Asym-MSF reduces the MAE by 21.6% compared with DyKen-
Hyena. This improvement validates the effectiveness of our asymmetric design.
The Multi-scale HyperNetwork generates more anatomy-aware dynamic kernels
for both local lesions and global structural context, while ALB filters incomplete
or noisy auxiliary information before modulation. Moreover, SFR further con-
strains the modulation process to preserve OCT structural fidelity, leading to
more robust postoperative BCVA prediction.

Table 1. Comparison with state-of-the-art methods on the clinical cataract dataset.
“•” denotes the modality is used, “◦” denotes it is not used or unavailable. Note that
SLO is missing in ∼63% of cases. DyKen-Hyena and Asym-MSF are both configured
with OCT as the foundational modality.

Method Input Modalities MAE (↓) Acc (↑)
Text OCT SLO B-Scan

CTT-Net [13] • • ◦ ◦ 0.1682 88.73%
MAF-Net [6] • • • • 0.1761 85.42%
MMIN [17] • • • • 0.1193 91.69%
IML-Net [18] • • • • 0.1224 94.31%
UML [15] • • • ◦ 0.0457 96.25%
DyKen-Hyena [14] • • • ◦ 0.0482 96.28%
Asym-MSF (Ours) • • • ◦ 0.0378 98.60%

3.3 Ablation Studies

Effectiveness of Key Components. We conducted an ablation analysis to
evaluate the individual contributions of the ALB, DCM, and SFR modules. Since
SFR regularizes the kernels generated by DCM, it cannot form a valid standalone
variant without DCM. Therefore, we assess its contribution by comparing the
full model with the corresponding no-SFR variant.

As shown in Table 2, replacing the symmetric baseline with the OCT-driven
ALB reduces the MAE from 0.0457 to 0.0418, confirming its ability to filter aux-
iliary noise. The standalone Multi-scale DCM significantly enhances structural
modeling, achieving an MAE of 0.0391. Interestingly, combining ALB and DCM
without the restorer leads to a slight performance dip (0.0419 MAE), suggest-
ing that increased modulation complexity requires explicit regularization. This
is addressed by the SFR module, which leverages hybrid reconstruction losses
to align dynamic kernels with anatomical truth, ultimately yielding the optimal
MAE of 0.0378.
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Notably, while Accuracy saturates at 98.60% across most configurations, the
continuous MAE metric remains highly sensitive to architectural improvements.
This discrepancy arises because Accuracy is a discrete measure based on a ±0.10
LogMAR threshold, whereas MAE captures fine-grained regression precision.
Thus, the consistent reduction in MAE proves that our asymmetric framework
provides a more robust and precise prognosis even when the categorical accuracy
reaches a plateau.

Table 2. Ablation study of Asym-MSF components. Baseline: Symmetric fusion base-
line (UML [15]).

Baseline ALB DCM SFR MAE (↓) Accuracy (↑)

✓ 0.0457 96.25%
✓ ✓ 0.0418 98.60%
✓ ✓ 0.0391 98.60%
✓ ✓ ✓ 0.0419 98.60%
✓ ✓ ✓ 0.0406 98.60%
✓ ✓ ✓ ✓ 0.0378 98.60%

Foundational Modality Selection. Table 3 validates our clinical hierarchy by
evaluating the performance of different foundational anchors. Treating clinical
text as the primary modality—where images are used to modulate text features
as in the original DyKen-Hyena [14]—yields an inferior MAE of 0.0390. This re-
sult confirms that clinical summaries, while informative, lack the dense anatom-
ical evidence required for precise surgical prognosis. In contrast, establishing
OCT as the structural anchor achieves the highest precision (MAE 0.0378).
This aligns with clinical practice, where high-resolution retinal imaging provides
direct structural evidence related to postoperative visual potential, while SLO
and text serve as auxiliary modifiers that refine the localized context within the
foundational stream.

Table 3. Ablation on the choice of foundational modality. The strategy with OCT as
the anchor significantly outperforms text-based or symmetric fusion.

Foundation Auxiliary Strategy MAE (↓) Accuracy (↑)

- - Symmetric (UML) 0.0457 96.25%
Text OCT + SLO Asymmetric 0.0390 98.60%
OCT Text + SLO Asymmetric 0.0378 98.60%
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4 Conclusion

We proposed Asym-MSF, an asymmetric multimodal framework for postopera-
tive BCVA prediction. By using OCT as the structural anchor, ALB filters aux-
iliary noise, DCM performs multi-scale structure-aware modulation, and SFR
preserves OCT fidelity through self-supervised reconstruction. Experiments on
2,635 clinical cases show that Asym-MSF achieves superior performance under
severe modality incompleteness, highlighting the value of clinically grounded
asymmetric fusion for ophthalmic prognosis.
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