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Abstract. Age-related Macular Degeneration exhibits heterogeneous le-
sion morphologies and spatial distributions across global fundus and lo-
cal macular region. Previous studies compress disparate lesion features
into single scale representation, leading to representational bottleneck
which dilutes peripheral features and allows extensive lesions to domi-
nate subtle ones. To address this challenge, we propose a Collaborative
Multi-scale Representation (CoMRep) learning. Dual-branch feature ex-
tractor produces multiscale features for global fundus and local mac-
ula. The subsequent Global-local Cross-scale Attention projects each
feature into multiple latent representations, yielding diverse perspec-
tives of lesion features with cross-scale attention. Collaborative Glocal
Feature Aggregation utilizes perspective experts to refine diverse glocal
features and integrate for final prediction. Experiments on the ADAM
dataset demonstrate that the proposed CoMRep exceeds 0.73% AUC,
5.10% accuracy, and 3.19% recall compared to the previous state-of-
the-art method with the same experimental setting. Qualitative eval-
uation further indicates that CoMRep captures heterogeneous AMD
lesions with multiple glocal feature mixture. The code is available at
https://github.com/jny0812/CoMRep.

Keywords: Age-related macular degeneration - Multi-scale learning -
Cross-scale attention - Mixture-of-Experts.

1 Introduction

Age-related Macular Degeneration (AMD) is a leading cause of blindness, requir-
ing early detection [1-3]. Recent advances in deep learning mitigate the large-
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(a) AMD fundus images (b) Lesions masks (c) Lesion frequency heatmap

Fig. 1: Spatial distributions of AMD lesions on (a) fundus images and (b) cor-
responding lesion masks. (¢) Lesion occurrence frequency heatmap aggregated
over the dataset, showing the macula with dashed box.

scale screening burden, however, robust AMD detection is still challenging due to
heterogeneous AMD lesions (e.g., drusen, pigmentary abnormalities) [4]. AMD
lesions are diverse in morphology, boundary clarity, and spatial extent [5], as rep-
resented in Fig. 1 with fundus images 1(a) and corresponding lesion masks 1(b)
of ADAM dataset [6]. The lesion frequency map 1(c) further indicates that le-
sions often extend beyond the macula. Previous single-scale approaches compress
these characteristics into a single vector representation, leading to a represen-
tational bottleneck. This compression collapses lesion location and distribution
into a global statistic, attenuating peripheral /off-macula features. In multi-lesion
cases, high-saliency regions dominate the pooled representation, suppressing sub-
tle lesions and biasing detection toward a single prominent phenotype.

Previous studies typically formulate AMD detection as single-scale image
classification and improve performance by scaling either computation or super-
vision [6]. ForbiddenFruit and Zasti AI boost accuracy with heavy ensembling
over standard backbones, where the downstream decision still relies on a single-
scale compressed features. This dilutes peripheral /off-macula signals and leads
dominant large-area abnormalities to overshadow subtle lesions. VUNO EYE
TEAM leverages pixel-level annotations across 15 lesion types [7] to enhance
sensitivity for fine pathologies, however, dense lesion supervision incurs sub-
stantial annotation cost. Foundation models reduce annotation dependency by
large-scale pretraining, yet downstream adaptation still employs a single-scale
representation [8]. Previous approaches struggle to encode heterogeneous global-
to-local AMD lesion features in one representation, especially off-macula distri-
bution and subtle small-scale lesions under multi-lesion co-occurrence.

To address these challenges, we propose Collaborative Multi-scale Represen-
tation (CoMRep) learning to effectively integrate global fundus and local macula
features. CoMRep initially yields AMD lesion features in global fundus and local
macular region by dual branch feature extractor. Multi-scale features are divided
into multiple latent representations and propagated to Global-local Cross-scale
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Attention (GCA). GCA enables bidirectional interactions between global and
local scale features, producing diverse glocal perspectives of AMD lesion fea-
tures. Subsequent Collaborative Glocal Feature Aggregation (CGFA) employs
a mixture-of-perspective experts to explicitly capture lesion heterogeneity while
specializing in different lesion patterns. CoMRep finally aggregates the miscel-
laneous glocal representations into a unified one for robust AMD detection. The
main contributions are as follows:

1. To the best of our knowledge, this study is the first to formulate AMD
detection as a multi-scale problem, capturing heterogeneous lesion features
across global fundus and local macula.

2. The proposed GCA performs bidirectional cross-attention among multiple
global and local features to produce diverse perspectives of glocal represen-
tations while retaining complementary features across scale and location.

3. The proposed CGFA is a perspective-aware glocal feature aggregation method,
collaboratively integrating disparate glocal representations into a single ro-
bust representation in an efficient manner.

4. The proposed CoMRep outperforms 4.5% accuracy and 3.2% recall and
achieves the second-best AUC, compared to the previous state-of-the-art
methods. Notably, CoMRep attains the top AUC under the same training
dataset, without relying on additional data or dense annotations.

2 Methods

2.1 Multi-scale Feature Extraction

AMD-related macular lesions typically emerge around the fovea and exhibit
marked variability in size and morphology across individuals [10]. CoMRep ex-
plicitly extracts a local macular Rol to preserve subtle lesion manifestations
attenuated when using only full-field fundus images. Given a fundus image
I € REXW>3 and an annotated fovea coordinate (z,y), a square Rol centered
at the fovea is defined. The side length s is p - min(H, W) with a fixed length
p. Accordingly, the Rol is specified by the top-left and bottom-right corners
(z1,y1) and (z2,y2), respectively. We set p based on clinical observation, which
the macular region typically spans approximately 5-5.5 mm and corresponds to
roughly 30-40% of the retinal diameter in standard fundus photographs [11-13].

The dual-branch feature extraction module consists of a global feature ex-
tractor Fy(-) and a local feature extractor Fj(-), which take the global fundus
image I, and the cropped macular image I; as input, respectively. The global
feature vector hy = Fy(I,) captures broadly distributed pathological context
(e.g., widespread drusen), whereas the local feature vector h; = Fj(I;) empha-
sizes fine-grained lesion patterns concentrated in the central macula. However,
naively aggregating h, and h; through concatenation tends to collapse the fused
embedding into a relatively homogeneous subspace, limiting its ability to repre-
sent heterogeneous lesion phenotypes. This representational bottleneck requires
a mechanism that supports diverse interpretations of global and local features.
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Fig. 2: Overall architecture (a) of the proposed CoMRep. The GCA and CGFA
are illustrated in (b) and (c).

2.2 Global-local Cross-scale Attention

The GCA generates 2M multi-latent representations 22 by projecting each h,,
into M latent subspaces to overcome limited dimension of single-vector fusion,
where o and S denote the scale and representation indices, respectively:

2 =Whha +15, ac{gl}, Be{l,2,...,M}. (1)

The learnable parameters W(f and bg represent weights and bias, respectively.

GCA processes a four-step cross-attention with 22, where a slot 4 selects one
representation as the query and uses the remaining representations as references.
2; denotes the query token selected from {22} at step 4, and [2j],4; denotes the
concatenated reference tokens. z; applies self-attention (SA) to emphasize its
feature and suppress noise, generating a refined query g;:

q;i = SA(ZZ), ]{21‘ = [Zj]i;éj’ vV = [Zj]i;éj’ 1€ {1,2,3,4}, (2)

GCA changes z; assignment at each step and generates 22 through cross-attention
over the remaining representations as references to refine each representation
with cross-scale features, where d denotes the feature dimension:

B =z + softmax<qik;> v, (3)
(03 \/&
Repeating this procedure over four slots yields mutually complementary refine-
ments of the multi-latent representations.
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2.3 Collaborative Glocal Feature Aggregation

Top-k Router CGFA assigns the refined 27 a mixture of perspective experts
with learned weights to accommodate heterogeneous lesion characteristics. The
router computes expert logits gg over F experts with given 25 , where W,. and
b, are learnable router parameters:

gg = Wrzg + by, (4)

CGFA activates only the Top-k experts according to gg to improve compu-
tational efficiency and enforce selective aggregation. The router converts the
selected logits into routing weights wq g:

Wa,g = softmax (g | €7), (5)

where, €2 denotes the index set of the Top-k experts selected from g2, and the
softmax is normalized only within . Experts outside 7 receive zero weight,
and the selected weights sum to one.

Perspective expert network Each expert consists of a two-layer feed-forward
network with GELU activation function. Given w, g, CGFA aggregates the out-
puts of the selected experts as m, g:

Mag = GELU(W<2> GELU(W“)zQ + b<1>) + b<2>) , (6)

where W and W®) indicate the weights learned for each selected expert, and
b1 and b® are the corresponding bias vectors. Each expert produces its latent
perspective representation by applying a GELU-based nonlinear transformation.
This mechanism allows CGFA to expand representational capacity by selectively
activating experts that match different combinations of lesion appearance.

The outputs of the Top-k selected experts are aggregated by the routing
weights to form a collaborated representation c2:

= WapsmMag, (7)
6685

8 subsequently concatenated to construct a unified glocal feature vector ¢, which
is fed into a classification head to produce the final AMD probability § = o(We+
b), where ¢ denotes the sigmoid function.

2.4 Loss Function

The proposed CoMRep detects AMD for each sample 7. We utilize the Binary
Cross-Entropy between the predicted probability §* and the ground-truth y*:

1 N
Lcls = *N : ny log (yf) ) (8)
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where N denotes the batch size and K is the number of classes. This direct su-
pervision encourages the 2M glocal representations for accurate AMD detection.

We add an auxiliary load-balancing loss L, to prevent routing collapse into
a few experts in CGFA:

B L
aux—B LZZE fe_l (9)

b=1 Il=1

where B, L, and E denote the numbers of blocks, layers, and experts, respec-
tively. f. is the average selections of expert e. Ly, penalizes deviations of the
actual expert utilization from the uniform distribution.

The final loss function consists of a weighted sum of L. and Lg,;, where A
is a weighting factor for L,;:

Ltotal = Lcls + /\Lau:ca (10)

3 Experiments

3.1 Experimental Setup

The Automatic Detection challenge on Age-related Macular degeneration (ADAM)
dataset contains 1,200 triplets of fundus image, AMD label and fovea coordinates
collected at the Zhongshan Ophthalmic Center (Sun Yat-sen University) [6]. The
dataset comprises two different image resolutions, 824 images with 2,124 x 2,124
pixels from Zeiss visucam 500 and 376 images with 1,444 x 1,444 pixels from
Canon CR-2. The dataset is divided into training, validation and test sets each
with 400 images. We adopt Contrast Limited Adaptive Histogram Equalization
to all images to reduce illumination imbalance and enhance for heterogeneous
AMD lesions. We utilize a 16-fold augmentation strategy to increase data di-
versity and improve model generalization [9]. All input images are resized to
224 x 224 and undergo normalization. The proposed method is trained for 150
epochs with batch size 16 and Adam optimizer with a learning rate of 1 x 1075,
The method is implemented with PyTorch on a hardware environment with an
Intel i7 CPU, 64GB RAM, and NVIDIA RTX 2060 GPU.

Existing AMD detection methods [6, 8] structurally rely on single-scale repre-
sentations. We further compare the proposed CoMRep with general classification
models [14-17] to isolate the benefit of multi-scale design from backbone-specific
factors. The performance evaluation utilizes Area Under the ROC Curve (AUC),
Accuracy (Acc) and Recall.

3.2 Experiment Results

The proposed CoMRep achieves Acc 5.10% and Recall 3.19% improvements,
and the second-best AUC with 0.26% discrepancy compared to the state-of-the-
art methods, as shown in Table 1. Under the same protocol without additional
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Table 1: Performance comparison of AMD detection on the ADAM dataset. The
best and second-best results are highlighted in bold and underlined, respectively.

Scale Model Add. Data Method (Model) AUC Acc Recall
VUNO EYE TEAM [6] 09714 - -
(0} ForbiddenFruit [6] 0.9592 - -
AMD Muenai_ Tim [6] 0.9399 - -
Sinel X RETFound-+logistic regression [8]  0.9619  0.8825  0.8988
mele Zasti_ Al [6] 0.9581 - -
ResNet34 [14] 0.9121 0.8800 0.7528
SwinT [15] 0.9106 0.8875 0.7640
Non-AMD X ConvNeXt-Tiny [16] 0.8788  0.8625  0.5843
ViT-Base [17] 0.9059 0.8875 0.6517
Multi AMD X Ours(CoMRep) 0.9689 0.9275 0.9275
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Fig.3: Analysis of heterogeneous representations and expert routing. (a) t-SNE
visualization of four global-local latent representations, showing separable em-
bedding structures across scales. (b) Expert selection frequency (Top-k) across
multi-scale tokens, highlighting non-uniform routing behavior.

data, CoMRep further enhances AUC by 0.73% compared to the second-best
method. These results indicate that the proposed method demonstrates strong
data efficiency and robust generalization by accommodating heterogeneous lesion
patterns, rather than relying on increased training data volume. CoMRep sur-
passes performance over standard single-scale baselines by up to AUC 10.25%,
Acc 7.54%, and Recall 58.74%. The empirical gains highlight the effectiveness of
collaborative multi-scale features.

We qualitatively analyze the proposed method to identify that each module
operates as intended. The multi-latent features global and local scale distribute
along different directions across scales and within each scale in Fig. 3(a). This
disparate distribution demonstrates that the multi-latent representations cap-
tures the heterogeneous AMD lesion features. The subsequent GCA combines
cross-scale features, yielding diverse glocal perspective of AMD lesions. CGFA
takes glocal features and refines them with proper perspective experts, as shown
in Fig. 3 (b). The heatmap depicts that the routing patterns over expert combi-
nations. The global representations Z; and 23 undergo on small subset of experts.
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Table 2: Performance under different numbers of Table 3: Ablation results

experts and Top-k settings. for GCA and CGFA.

. 8 Experts 12 Experts 16 Experts Branch GCA CGFA AUC
Metric 1" k=2 k=1 k=2 k=1 k=2

= = = = = ~2  Single - - 0.9175
AUC 0.9521 0.9594 0.9642 0.9689 0.9243 0.9462 Dual - - 0.9234
Accuracy 0.9125 0.9275 0.92 0.9275 0.87 091  Dual o _ 0.9372
Fl-score 0.8166 0.8324 0.9156 0.9267 0.8389 0.8451 Dyal _ o 0.9450
Recall 0.809 0.8571 0.9159 0.9275 0.7912 0.8539 Dual o) O  0.9689
Table 4: AUC performance according to macular crop size.

Crop size(%) 31 32 33 34 35 36 37 38 39
AUC 0.9603 0.9594 0.9615 0.9664 0.9689 0.9656 0.9579 0.9525 0.9586

The local representations ;| and z? exhibit distributed selections across multiple
experts. The macular-focused glocal features require various perspectives.

Table 2 reports performance under different numbers of experts and Top-k
routing settings. Performance improves across all metrics when increasing k at
a fixed E. The E = 12 setting shows notable gains of 0.47% in AUC and 1.11%
in Fl-score, mitigating single-path dependency. The best overall performance at
E = 12,k = 2 surpasses the second-best result by 0.49%, 0.82%, 1.21%, 1.27%
in AUC, Accuracy, Fl-score, and Recall, respectively. Increased experts E/ = 16
degrade performance, yielding 2.27% AUC and 7.36% Recall lower than the
best configuration. This indicates that overly dispersed routing reduces learning
efficiency.

The Dual-branch baseline improves AUC by 0.59% over the Single-branch,
but the gain remains limitation of insufficient alignment of cross-scale repre-
sentations in Table 3. Dual-branch with GCA and CGFA indicate AUC 1.38%
and 2.16% enhancements, respectively. CGFA yields the larger gain by fusing
features through perspective-based expert selection. CoMRep achieves the best
performance, improving AUC by 4.95% over the Dual-branch baseline and by
5.14% over the Single-branch with collaborative refinement under heterogeneous
lesion patterns. Finally, Table 4 identifies a 35% macular Rol crop ratio as the
best setting, achieving AUC gains of 0.89% over the average across the tested
range and 1.72% over the worst setting; we therefore use 35% as the default crop
size in subsequent experiments.

4 Conclusion

This study addresses the varying contributions of global context and macula-
centered local features under AMD lesion heterogeneity, which makes predic-
tion unstable. Simple feature combination or inadequate cross-scale fusion can
further dilute lesion patterns. To address these challenges, we propose a col-
laborative multi-scale representation learning framework. A dual-branch design
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extracts global and local features, refines them into collaborative multi-latent
representations through GCA, and aggregates them using a mixture of perspec-
tive experts in CGFA. The proposed method achieves the best AUC among
methods trained under the same protocol without additional data, achieving the
second-best AUC, the best accuracy and recall. Although the proposed CoMRep
highlights its efficient competitiveness, the multicenter validation is necessary to
demonstrate its generalization capability. Future work will also integrate dy-
namic fovea detection which is not dependent on the fovea coordinates, further
strengthen CoMRep applicability in the real-world clinical settings.
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