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ABSTRACT

We address diabetic retinopathy grading from a single color fundus photograph,
a five-stage ordinal task in which lesion interpretation depends on disc-centered
vascular topology and quadrant extent. Current CNN/ViT systems often under-
use such cues and are brittle to acquisition variability and class imbalance near
referral thresholds. We propose a topology-aware latent diffusion framework op-
erating in a compact latent space that fuses global context, lesion evidence, and a
differentiable multi-scale vesselness map. A learnable disc-centered polar pool-
ing module yields an anatomy-aware conditioning vector that summarizes vessel
structure and disc and quadrant extent in line with ETDRS, and conditional latent
diffusion refines task embeddings to sharpen ordinal separation. A classifier with
momentum-updated class centers and joint global/local distribution alignment reg-
ularizes the latent space, and deterministic sampling conditioned on the anatomy
vector stabilizes predictions at inference. By explicitly encoding vascular topol-
ogy and disc- and quadrant-derived extent, the approach increases robustness to
acquisition variability and better supports guideline-based referral decisions from
a single fundus image. On APTOS 2019 under a stratified split and shared eval-
uation protocol against CNN and ViT baselines, our method improves ordinal
agreement and class-aware performance.

1 INTRODUCTION

Automated analysis of retinal fundus photographs has become a cornerstone of population-scale
screening in computer vision for healthcare. Diabetic retinopathy (DR) grading is a five-stage or-
dinal task in which severity is determined by the spatial extent of lesions in relation to the retinal
vasculature. Clinical guidelines, notably ETDRS, define referral thresholds by quadrant-referenced
burden and emphasize vascular structure around the optic disc for decision making [Early Treat-
ment Diabetic Retinopathy Study Research Group| (1991). The concrete problem we address is to
learn representations that couple lesion appearance with anatomy-aware cues—disc- and quadrant-
referenced extent and vessel topology—while remaining reliable under common acquisition vari-
ability.

Deep convolutional networks and vision transformers have driven progress in DR grading by cap-
turing global and local appearance, often augmented with attention or alignment objectives|Gulshan
et al.|(2016); Ting et al.|(2017); |[Dosovitskiy et al. (2021). Diffusion models further introduce gen-
erative priors that can regularize features and improve data efficiency Ho et al.| (2020); Rombach
et al.| (2022)); Yang et al.|(2023). Despite these advances, existing models are predominantly texture-
biased: they recognize lesion morphology but only weakly encode clinical structure such as extent
relative to the optic disc and quadrants, or the branching geometry of vessels. This gap is most
consequential near referral thresholds, where separating advanced non-proliferative from prolifer-
ative disease depends on lesion distribution along the vascular tree rather than appearance alone.
Moreover, routine shifts in acquisition—optical blur, motion, uneven illumination and color casts,
variation in field of view, and disc—fovea positioning—alter perceived contrast and disrupt quadrant-
based assessment, degrading calibration and minority-grade recall. The ordinal label structure and
class imbalance further make both optimization and evaluation sensitive to representation quality.
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Addressing these limitations is important for safe and equitable screening. Accurate and calibrated
decisions reduce missed sight-threatening disease while avoiding unnecessary referrals, a balance
that hinges on sensitivity to minority grades and stability around decision boundaries. Robust gen-
eralization across devices, sites, and preprocessing pipelines is essential for deployment at scale.
Anatomy-aware signals provide a principled path toward these goals: vessel topology is a stable
geometric anchor under color and illumination shifts; disc- and quadrant-referenced extent encodes
the clinical semantics used by experts; and embeddings that align appearance with vascular context
can improve ordinal separability and calibration under acquisition variability. Bridging appearance
and anatomy thus has direct impact on both performance and trustworthiness.

We propose a vessel-topology aware latent diffusion framework for five-class DR grading from
color fundus photographs. The core idea is to integrate global context and lesion appearance with
an explicit vesselness signal through an anatomy-aware conditioning vector that summarizes vas-
cular topology and disc- and quadrant-referenced extent in line with ETDRS. Conditional latent
diffusion then refines task embeddings so that texture cues are interpreted relative to vascular ge-
ometry, encouraging ordinally consistent representations and reducing sensitivity to routine shifts
in acquisition. We evaluate the approach against CNN and ViT baselines under class imbalance,
and conduct ablations that isolate the contribution of anatomy-aware conditioning and diffusion on
ordinal agreement, minority-grade performance, and calibration across acquisition variability.

Our main contributions are as follows.

* We introduce a vessel-topology aware latent diffusion framework that unifies global con-
text, lesion appearance, and explicit vascular structure for ordinal DR grading.

* We design disc- and quadrant-aware conditioning that encodes vascular topology and le-
sion extent in accordance with ETDRS, guiding representation learning toward clinically
meaningful structure.

* We demonstrate improved ordinal agreement, minority-grade recall, and calibration robust-
ness under routine acquisition variability compared with strong CNN and ViT baselines.

* We provide a systematic evaluation with ablations that quantify the individual effects of
anatomy-aware conditioning and diffusion priors on performance and stability.

2 RELATED WORK

2.1 DIFFUSION MODELS, EFFICIENT SOLVERS, AND CONDITIONAL GUIDANCE

Diffusion probabilistic models cast generation as reverse-time denoising of a fixed noising pro-
cess and link variational inference, score matching, and SDE formulations [Sohl-Dickstein et al.
(2015); Ho et al.| (2020); |Song et al. (2021). Notable developments include DDPMs with noise-
prediction objectives and practical training |Ho et al.|(2020), continuous-time score-based modeling
with probability-flow ODE:s that enable stable deterministic sampling [Song et al.| (2021)), and latent
diffusion, which scales to high-resolution images by operating in a perceptual latent space Rom-
bach et al.| (2022). Inference has been sped up by non-Markovian, often deterministic trajectories
(DDIM) that reduce the number of steps while approximately preserving DDPM marginals [Song
et al.| (2020), and by specialized ODE solvers that cut function evaluations with minor quality loss
(e.g., DPM-Solver)|Lu et al.|(2022). Conditioning has evolved from classifier guidance, which mod-
ifies the reverse dynamics using gradients of conditional log-likelihoods |[Dhariwal & Nichol| (2021)),
to classifier-free guidance that mixes conditional and unconditional predictions without an auxil-
iary classifier|Ho & Salimans|(2022), and to structured-edit methods that inject spatial priors during
sampling (e.g., RePaint) Lugmayr et al.| (2022). These trends have shifted practice from many-step
pixel-space diffusion toward more efficient, often deterministic sampling with stronger and more
flexible conditioning.

We adopt DDPM-style training and use DDIM- and ODE-based accelerations for few-step, stable
sampling |[Ho et al.| (2020); |Song et al.| (2020); Lu et al.|(2022), operate in latent space for efficiency
Rombach et al.| (2022)), and use simple conditioning aligned to the task, inspired by classifier-free
guidance, to direct denoising toward clinically relevant structures, with guidance strength tuned for
deterministic solvers |Dhariwal & Nichol| (2021)); [Ho & Salimans| (2022).
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2.2 MEDICAL IMAGING FOR DR: ATTENTION, ALIGNMENT, AND CLINICALLY GROUNDED
PRIORS

Early DR screening achieved strong CNN baselines trained end to end on fundus photographs
Gulshan et al.| (2016); Ting et al.| (2017). Attention and saliency methods (e.g., Grad-CAM) im-
proved interpretability but often produced coarse, texture-biased explanations Selvaraju et al.|(2017)).
Transformer-based backbones strengthened long-range context modeling [Dosovitskiy et al.| (2021),
and distribution-alignment objectives such as MMD mitigated cross-dataset shifts |Gretton et al.
(2012). Clinical heuristics formalized by ETDRS emphasize vessel-level signs (e.g., venous bead-
ing, IRMA) and neovascularization near the optic disc (NVD) or elsewhere (NVE), underscoring the
importance of topology- and location-aware cues for grading |[Early Treatment Diabetic Retinopathy
Study Research Group|(1991). Classical multiscale vesselness filters (e.g., Frangi) enhance tubular
structures and provide anatomy-aware priors [Frangi et al.| (1998). Recent diffusion-enabled clas-
sifiers combine dual guidance and alignment to connect global context with local evidence (e.g.,
DiffMIC) |Yang et al.| (2023). Breakdown of the blood-retinal barrier causes edema and exuda-
tion that confound texture-based cues |Cunha-Vaz (2010), and microglia-mediated neurovascular
interactions influence angiogenesis and tuft dynamics in DR, motivating priors focused on vascular
topology and disc-/quadrant-aware context Hu et al.| (2024).

We combine attention-informed conditioning with clinically grounded priors. A differentiable
multiscale vesselness channel and disc-/quadrant-aware pooling emphasize vascular topology and
NVD/NVE localization within a latent diffusion pipeline, and class-aware alignment stabilizes the
integration of global and local cues for cross-dataset robustness|Frangi et al.[(1998); Early Treatment
Diabetic Retinopathy Study Research Group|(1991); (Gretton et al.| (2012); |Yang et al.[(2023). This
design targets fine-grained lesion geometry and neurovascular context beyond texture cues |Cunha-
Vaz| (2010); Hu et al.| (2024).

2.3 LATENT REPRESENTATION REFINEMENT, METRIC LEARNING, AND TOPOLOGY-AWARE
CONSTRAINTS

Metric learning shapes latent spaces with center- and margin-based objectives to reduce intra-class
variance and enlarge inter-class margins (e.g., Center Loss, ArcFace) Wen et al.[(2016); Deng et al.
(2019). Proxy-based variants improve efficiency and stability under multimodality (e.g., Proxy-
Anchor) Kim et al.| (2020). Long-tail settings common in DR benefit from logit adjustment, which
incorporates label-frequency priors to recalibrate decision boundaries without heavy reweighting
Menon et al.|(2020). To align multi-branch or cross-domain representations, kernel MMD and deep
adaptation (DAN) align feature distributions in reproducing kernel Hilbert spaces or via joint fea-
ture adaptation |Gretton et al.|(2012); Long et al.|(2015)). Topology-aware objectives aim to preserve
connectivity in tubular anatomy (e.g., cIDice) and penalize topological errors (TopoLoss), and topo-
logical autoencoders align latent metrics with data topology |Shit et al.| (2021); (Clough et al.| (2020);
Moor et al.| (2019). Recent diffusion-based classifiers use generative likelihoods and denoising for
robust prediction |Chen et al.| (2024).

We integrate center-based regularization with class-aware MMD alignment inside a latent diffu-
sion framework to refine representations during denoising, improving compactness and separation
under distribution shift Wen et al| (2016); |Gretton et al.| (2012); [Long et al.| (2015). Rather than
adding segmentation losses, we introduce topology through differentiable vesselness and anatomi-
cally structured pooling to bias features toward vascular geometry, and we apply long-tail calibration
to improve minority-class recall in DR [Frangi et al.| (1998)); [Menon et al.[(2020); Shit et al.| (2021);
Deng et al.| (2019). In our design, diffusion refines latent features alongside discriminative heads,
and we couple denoised features with metric and alignment constraints instead of treating the model
as a standalone generative classifier Chen et al.[(2024).

3 METHODOLOGY

Following ETDRS practice, where lesion burden is assessed relative to disc-centered quadrants and
vascular topology, the architecture encodes vasculature and region-wise extent and then refines task-
specific embeddings with conditional diffusion. We propose a vessel-topology aware latent diffu-
sion framework for five-class diabetic retinopathy (DR) grading from a single RGB fundus image.
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Figure 1: Architecture of the vessel-topology aware latent diffusion framework for five-class diabetic
retinopathy grading from a single fundus image: a global encoder, a lesion encoder, and a multi-
scale vesselness branch fuse into a compact latent; a disc-centered polar pooling module constructs
an anatomical conditioning vector that captures vessel structure and quadrant extent to guide the
denoiser; a center-regularized classifier produces the final grade.

The framework operates in a compact latent space and combines a topology-aware representation
that fuses global context, lesion appearance, and a differentiable multi-scale vesselness channel, a
latent diffusion denoiser conditioned on an anatomically based vector constructed via learnable disc-
centered polar pooling, and a classification head regularized by momentum-updated class centers.
The design embeds retinal vasculature and quadrant-wise extent into the conditioning pathway and
refines task-specific latents through conditional diffusion to improve class separability and robust-
ness.

3.1 VESSEL-TOPOLOGY REPRESENTATION

We first construct a compact latent that consolidates global appearance, lesion cues, and vessel mor-
phology. Let z € RE*3*H*W denote a minibatch of fundus images. A global encoder E, () (e.g.,
transformer-based [Dosovitskiy et al.[(2021)) yields a holistic embedding z, = E,(z) € RExdg
A convolutional encoder Ej(-) produces lesion-level features; we use its penultimate feature map
F, e RBXCOXH'>W' anq its pooled descriptor 2™ € REZ*d . To encode vascular morphol-
ogy explicitly, we construct a differentiable multi-scale vesselness channel. Let L, = G, x x
be a Gaussian scale-space at scale o, and H,(p) the Hessian at pixel p with ordered eigenvalues
[A,0(D)] < |A2,0(p)|. We define the per-scale vesselness

Rolp.o) = 2L 50 0 = S0 e 02,

" Peo@+e (1)
Vo(p) = exp( - Rbépﬁ’:)) (1 - eXp( - %))

where 3, ¢ > 0 are hyperparameters and € > 0 ensures numerical stability [Frangi et al.|(1998). To
aggregate across scales, we adopt softmax pooling with temperature 7 > 0,

exp (7’VOr (p))

% (p) = S exp (TVy(p))’

V(p) = Z aa(p) Va(p)v 2
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yielding a differentiable vesselness map V' € REXIXHXW = A ghallow encoder E,(-) maps V to
2®=E,(V) e RE*dv We construct the clean latent via a bottleneck projection,

z20 = fbottleneck(zc) S RBXd7 (3)

which serves as the target latent for diffusion and the input to the classifier. This fused latent pre-
serves global context while adding vessel-aware cues, providing the basis for anatomy-aware condi-
tioning.

2. = [297 Zlcnn7 Zizes] c [RBX(clg—i-cll-‘rdv)7

3.2 ANATOMICAL CONDITIONING VECTOR

To guide denoising toward anatomically plausible and quadrant-aware embeddings, we build a dense
conditioning vector M € RZ*de that summarizes global, local, and disc-centered spatial evidence.
We first form a base vector from global and local descriptors,

Muase = Wozg + Wi 2™ 5], W, € R%X% W € Rlex(ditdv), )

To encode region- and extent-aware anatomy aligned with ETDRS practice, we introduce learnable
disc-centered polar pooling over spatial maps. The polar origin o = (0, 0) is predicted by a small
head g,(-) acting on z4, and approximates the optic disc center to anchor quadrants. Let p(p) =
lp — ol|2 and #(p) = atan2(p, — oy, p» — 05) be polar coordinates for pixel p. For R concentric
rings with centers jt, and widths o, and () angular sectors with centers ¢, and concentration x, we
define soft memberships

B (p(p) — )’ exp(rcos(0(p) — ¢g))
ST(P) = eXP( - T)» Sq(p) = 27r10(/<;) ) )
sr(p) 54(p)

) W) sl

where Ip(-) is the modified Bessel function of the first kind and € > 0. We pool vesselness and
lesion features within each polar cell via soft averages,

(V) _ (F
Zqu Uy ) Zqu ) Fi(c,p), (6)

and form U by concatenating all {u%)} and channel-wise statistics of {u£f;) (¢)}. The final condi-
tioning vector is

M = Myase +TI(U), 11:RB*dv _ RBXde, (7)

These soft rings and sectors capture both radial extent and quadrant-wise distribution of lesions and
vessels, mirroring ETDRS disc-centered quadrants while remaining fully differentiable. To promote
consistency between global and local descriptors, we regularize with a kernel two-sample objective,

Linmd = Zk Zg, 1;Zg] n _ 1 Zk Zl,iy 2l j QZk Zg, zazl,] (8)
lséj Zséa

where z; = [2f™; 2/, k(a,b) = exp( — |la — b[|3/(20%)), and n is the batch size Gretton et al.
(2012). This alignment stabilizes the conditioning signal before it guides diffusion.

3.3 LATENT DIFFUSION DENOISER

We adopt a latent (not pixel-space) diffusion process to refine 2z, as operating in a compact latent
focuses capacity on clinically salient structure and is computationally more efficient and robust to
acquisition variability than high-dimensional pixel diffusion. We adopt a T™-step variance-preserving
forward process in latent space Ho et al.| (2020); Rombach et al.| (2022). Let {5,}t ; be a noise

schedule with oy = 1 — B; and & = Hizl as. The forward diffusion is

Q(Zt|zo):N<\/6TtZO7 (1_dt)I)) tzla"'7Ta

9
2t =+Varzo+V1—are, e~N(OT). 2
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The reverse model conditions on M via a parameterized noise predictor eg(z;,t, M),
pG(Zt—l | 2ty t, M) = ./\/'(ug(zt, L, M)7 O’?I),

1 B
ﬁ(zt_ m€9(zt7taM))a

with fixed variance schedule 2. The denoising objective minimizes the conditional noise prediction
error,

10
,Ufa(ztvtaM) = ( )

Ediff :Et,zo,e[He769(Zt;t7M)||;:|7 €NN(O7I) (11)

Conditioning on M guides the reverse trajectory toward anatomically consistent, class-separable
latents that are more stable near referral thresholds.

3.4 CENTER-REGULARIZED CLASSIFICATION

To structure the latent space for five-class DR grading, we maintain momentum-updated class cen-
ters {C }7_, with C, € R% Given a batch with index sets Sy = {i : y; = k} and cardinalities
ny = | S|, the centers are updated via

_ 1 ~
= Y 204 ChBC+(1-B)Cr, Be[01) (12)

~ max(1,n
( ? k) ,L-esk
We penalize intra-class dispersion and encourage inter-class margins,

2
»Clatcnt = Z HZO,i - Cy7| 9 + )\intcrzmax (Oa m— ||Ck N Cj”2)7 (13)
i k#j
and compute class probabilities with a linear classifier,

ex & .
b; = WZo,i + b, p(yi =k [ ZO,i) = 5 p( 7k)

S exp(li) (14)
Lee ==Y logp(yi| 20.i),

where W € R®*? p € R5 and m > 0 is the margin. In practice, the momentum coefficient
£ controls the speed of center updates and the margin m governs separation; careful tuning and
normalization of latents help stabilize center dynamics, which is particularly relevant for minority
grades.

3.5 DETERMINISTIC LATENT SAMPLING

At inference, we employ a DDIM-style deterministic sampler |[Song et al.| (2020) conditioned on
M. This avoids sampling variance inherent to stochastic reverse processes and improves run-to-run
stability of predictions. With a monotone subset of steps S =T > Tg_1 > --- > T; > 1 and
initialization zp ~ N(0, I), we iterate
zs — /1 — Qs €9

Vas ’ (15)

Zs—1 = Vds—l 20+ 175[3—1 é@» s € {Ta'”vl}v

to obtain 2y, which is then fed to the classifier to produce the five-class posterior.

€9 = Eﬁ(zsvva)a 20 =

3.6 OPTIMIZATION OBJECTIVES

The model is trained end-to-end with a weighted sum of losses,
£total = )\diff ['diff + Alatent ﬁlatent + )\ce »Cce + )\mmd »Cmrnd7 (16)

where the weights {\qiff, Matents Aces Ammd | balance conditional denoising, latent structuring, clas-
sification, and global-local alignment. To assess whether anatomy-aware conditioning and latent
diffusion translate into improved ordinal grading and robustness, the next section evaluates this
framework under a unified protocol on APTOS 2019 with strong CNN/ViT baselines and ablations
that selectively disable each component.
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4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP
4.1.1 DATASETS AND EVALUATION PROTOCOLS

Because DR grading is ordinal and clinical use prioritizes calibrated agreement, we evaluate on
the APTOS 2019 Blindness Detection dataset, which provides single-modality RGB fundus pho-
tographs annotated with five ordinal grades of diabetic retinopathy (DR): 0 (No DR), 1 (Mild),
2 (Moderate), 3 (Severe non-proliferative DR), and 4 (Proliferative DR). Images are indexed by
unique identifiers and accompanied by diagnosis labels in a standardized CSV. We fix the random
seed (42) and create a stratified split of the original training set into 80% training and 20% validation
subsets, preserving the label distribution in both splits. We do not use external modalities or labels.

Preprocessing includes resizing images to 224 x 224, standard normalization, and moderate data aug-
mentation (horizontal flip, small rotations, and color jitter). Because the data are imbalanced, we
use class-aware sampling during training via a WeightedRandomSampler with weights from empir-
ical class frequencies in the training split, and we set class weights in the cross-entropy objective
proportional to inverse class frequencies.

At each epoch we report quadratic weighted kappa (QWK) as the primary metric, which measures
ordinal agreement across the five grades. We also report accuracy (ACC), macro-F1, and macro-
averaged AUC computed in a multiclass one-vs-rest manner. In addition, we compute per-class
precision, recall, and F1 and a confusion matrix to analyze class-specific behavior, with particular
focus on grades 3 and 4, where minority effects are strongest. The same protocol is applied to all
baselines and the proposed method.

4.1.2 BASELINES SETTING

To evaluate the effectiveness of the proposed method, we compare it against several widely used con-
volutional neural network architectures commonly adopted for medical image classification. Specifi-
cally, we consider Inception-v3, MobileNet-V3, ResNet-50, and VGG-16 as baseline models. These
architectures cover a diverse spectrum of design philosophies, including lightweight networks, deep
residual architectures, and classical convolutional backbones. All baselines are trained under the
same experimental protocol to ensure a fair comparison. The models are trained for 50 epochs,
and the checkpoint achieving the best validation accuracy is selected for evaluation. Our method
is implemented under the same training setting and evaluated on the same test split as the baseline
models.

4.1.3 IMPLEMENTATION DETAILS

Training runs for 50 epochs using Cosine Annealing with T,,x = 50. We optimize the encoders,
fusion layers, diffusion eps-prediction model, and classification head with AdamW, and we optimize
CenterLoss parameters with SGD. Automatic mixed precision and gradient clipping (max_norm
= 1.0) are used in all experiments. The best model checkpoint is selected based on validation
QWEK. For each epoch, we record QWK (primary), ACC, Macro-F1, AUC, per-class metrics, and
the confusion matrix. A DDIM sampler is used at inference to provide deterministic latent sampling
conditioned on M.

4.2 LEARNING DYNAMICS AND CONVERGENCE

We examine learning behavior over the 50-epoch schedule to study optimization stability and the
progression of ordinal calibration. Figure 2] shows the training loss and validation accuracy. During
the early training stage, all evaluation metrics improve rapidly. For example, the model progresses
from 0.7366 QWK and 0.5333 accuracy at epoch 5 to 0.7662 QWK and 0.5933 accuracy at epoch 10,
accompanied by consistent gains in F1 score and AUC, indicating that both ordinal consistency and
classification quality improve as the representation stabilizes. Performance continues to increase
around epoch 15, reaching 0.7769 QWK and 0.6067 accuracy, with corresponding improvements
in precision, recall, and F1 score, suggesting better class discrimination across DR severity levels.
The model achieves its best performance near epoch 19-20, where QWK peaks at 0.8328, accuracy
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Figure 2: Learning dynamics over 50 epochs.

Table 1: Comparison with standard CNN baselines on the DR grading task. The best results are

shown in bold.

Method QWK1 ACC?T Precision?T Recallt FI1 AUC*Y
Inception-v3 0.7889  0.6600 0.6681 0.6600  0.6559 0.8586
MobileNet-v3  0.7766  0.6600 0.6652 0.6600 0.6587 0.8911
ResNet-50 0.8090  0.6467 0.6592 0.6467  0.6477 0.8656
VGG-16 0.8248  0.6600 0.6893 0.6600 0.6621 0.8589
Ours 0.8267 0.6867 0.7306 0.6867 0.6905 0.8867

reaches 0.6467, and both F1 score and AUC attain their highest values, demonstrating strong ordinal
agreement and balanced classification performance. After this stage, the metrics fluctuate within a
relatively narrow range while maintaining high values across QWK, accuracy, F1, and AUC, indi-
cating stable convergence without noticeable overfitting. Overall, the results show that the proposed
framework converges reliably within the first 20 epochs while sustaining consistent performance
across multiple evaluation metrics.

4.3 MAIN PERFORMANCE COMPARISON

Table [I] summarizes the quantitative comparison between the proposed method and the baseline
architectures. Overall, the proposed method achieves the best performance on the primary metric
(QWK), obtaining 0.8267, which surpasses all baseline models. The closest competitor is VGG-16,
which achieves 0.8248, while ResNet-50, Inception-v3, and MobileNet-V3 obtain 0.8090, 0.7889,
and 0.7766, respectively. The improvement over ResNet-50 and Inception-v3 indicates that the
proposed design better captures the ordinal structure of diabetic retinopathy grading. In terms of
classification accuracy, our method reaches 68.7 %, outperforming all baseline models that remain
at 66 % or below. This improvement demonstrates that the proposed architecture yields more reli-
able predictions across severity levels. The proposed approach also achieves the highest precision
(0.7306) and F1-score (0.6905) among all compared methods, suggesting a better balance between
sensitivity and specificity. Although MobileNet-V3 obtains the highest AUC (0.8911), its QWK and
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accuracy remain significantly lower, indicating that strong ranking performance does not necessar-
ily translate into better ordinal classification. Overall, these results demonstrate that the proposed
method provides more consistent improvements across multiple evaluation metrics, while achieving
the best agreement with ground-truth grading according to QWK, which is the most critical metric
for this task.

4.4 VISUALIZATION COMPARISON

16

Original
Gr=2

predication=1 predication=2 Og;:‘;" predication=3 predication=2
confidence=0.457 confidence=0.532 confidence=0.634 confidence=0.997

InceptionV3 MobileNetV3 Ours InceptionV3 MobileNetv3 Ours
predication=4 predication=0 predication=2 predication=4 predication=2 predication=3
confidence=0.698 confidence=0.725 confidence=0.951 confidence=0.378 confidence=0.106 confidence=0.905

Figure 3: Visualization results from GradCAM between our method and the other baseline methods.

To better understand the decision behavior of different models, we visualize class activation maps
(CAMs) for two representative retinal images, as shown in Fig. [3] In the first case (true label: mod-
erate DR), several baseline models produce inconsistent predictions, including underestimation by
VGG16 (grade 1), severe overestimation by InceptionV3 (grade 4), and a false negative prediction by
MobileNetV3 (grade 0). In contrast, our method correctly predicts grade 2 with substantially higher
confidence (0.95). The corresponding activation map concentrates on clinically relevant lesion re-
gions, while competing models exhibit scattered or misplaced attention. A similar trend is observed
in the second example (true label: severe DR). Although VGG16 predicts the correct grade, its ac-
tivation remains relatively diffuse, whereas ResNet50 and MobileNetV3 underestimate the severity
(grade 2), and InceptionV3 overestimates it (grade 4). Our model again yields the correct prediction
with high confidence (0.91) and produces a more localized activation pattern aligned with patho-
logical structures. Overall, the visualizations suggest that our model attends more consistently to
lesion-related regions, leading to more reliable grading decisions compared with conventional CNN
baselines.

4.5 ABLATION STUDIES

We perform module-wise ablations to analyze the contribution of each component of the proposed
vessel-topology aware latent diffusion framework. Removing the latent diffusion refinement reduces
QWK from 0.8267 to 0.8103 and accuracy from 0.6867 to 0.6733, indicating that diffusion-based
latent refinement improves ordinal consistency. Disabling the momentum-updated class centers
leads to a larger drop to 0.7774 QWK and 0.6133 ACC, suggesting that class-center regularization
is important for maintaining inter-class separability. Similarly, removing MMD alignment further
decreases QWK to 0.7622, demonstrating the role of distribution alignment in stabilizing represen-
tation learning. We also analyze the topology-aware representation and conditioning mechanisms.
Using only the global branch achieves 0.7806 QWK, while the local lesion/vessel branch alone
reaches 0.8069, indicating that lesion-level cues provide stronger signals for DR severity estimation.
Removing anatomical conditioning significantly degrades performance to 0.7569 QWK, confirming
the importance of disc- and quadrant-aware conditioning. The full model combining all components
consistently achieves the best performance (0.8267 QWK, 0.6867 ACC).
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Table 2: Module-wise ablation of the proposed framework. TopoRep denotes the topology-aware
representation, Diffusion denotes latent diffusion refinement, Center denotes momentum-updated
class centers, and Cond. denotes disc- and quadrant-aware conditioning.

Variant TopoRep Diffusion Center MMD Cond. ‘ QWK1 ACCT  Prect Rect F11 AUCT
Ours v v v v v ] 0.8267 0.6867 0.7306 0.6867 0.6905 0.8867
no_diffusion v X v v v 0.8103 0.6733 0.6750 0.6733 0.6701 0.8676
no_center v v X v v 0.7774 0.6133 0.6122 0.6133 0.6112 0.8495
no_mmd v v v X v 0.7622  0.6400 0.6448 0.6400 0.6356 0.8487
global_only X v v v v 0.7806 0.6667 0.6680 0.6667 0.6642 0.8617
local_only X v v v v 0.8069 0.6600 0.6697 0.6600 0.6625 0.8508
M_zero v v v v X 0.7569  0.6533 0.6655 0.6533 0.6551 0.8611
M_global _only v v v v v 0.7300 0.6333 0.6308 0.6333 0.6278 0.8629
M_local_only v v v v v 0.8090 0.6733 0.6929 0.6733 0.6767 0.8848

4.6 ANALYSIS AND INTERPRETATION

The results show three consistent patterns. Accuracy rises early, indicating rapid learning of coarse
separability, while ordinal agreement improves later and peaks. Minority-class performance remains
weak despite class-aware sampling and weighted losses, as reflected by low Macro-F1; stronger
lesion-aware conditioning and more stable center dynamics are expected to better recover minority
signals, particularly for grades 3 and 4 where referral decisions are most sensitive. Ablation re-
sults identify the current center formulation as a bottleneck: removing it markedly improves both
ordinal and class-aware metrics and enables the diffusion denoiser to contribute more effectively.
These findings point to the importance of attention-guided conditioning, EMA-normalized center
dynamics, and refined latent inference in capturing the ordinal structure of DR grading and turn-
ing representational quality into calibrated predictions, under a protocol that enforces parity across
baselines for a fair assessment.

5 CONCLUSION

We address five-stage diabetic retinopathy grading from single fundus images under ETDRS, which
relies on lesion burden within disc-centered anatomy. We propose a topology-aware latent diffusion
model fusing global context, lesion cues, and multi-scale vesselness. Disc- and quadrant-aligned po-
lar pooling yields anatomy-aware conditioning that guides the denoiser toward ordinal consistency.
Under a common training protocol, anatomy-aware conditioning and conditional diffusion improve
ordinal agreement and robustness to acquisition shifts; ablations show that removing unstable center
loss unlocks diffusion gains and improves sensitivity to minority grades, while dual-branch fusion
and cross-branch alignment remain necessary. Despite interpretable cues, macro-level performance
remains limited and minority-grade detection near referral thresholds can degrade in a single-dataset
setting. Future work will replace center loss with EMA-normalized prototypes, enrich conditioning
with supervised disc localization and graph-based vessel encodings, and evaluate cross-dataset gen-
eralization via calibration and external validation.
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