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Abstract
Oculomics enables non-invasive assessment of
systemic diseases through retinal imaging, offer-
ing a portable, cost-effective alternative to tradi-
tional methods. However, its real-world deploy-
ment is limited by device-induced variability and
poor generalizability across heterogeneous imag-
ing systems. In recent years, large retinal foun-
dation models such as RetFound and RetFound
Green have shown strong performance on sev-
eral downstream tasks. However, their generaliza-
tion across imaging devices remains limited. Fur-
thermore, the high-dimensional representations
produced by these models do not directly corre-
spond to clinically meaningful retinal biomarkers,
further limiting their interpretability and clinical
utility.

To address these challenges, we propose a feature
space translation framework using tabular neu-
ral networks to align feature distributions across
devices, thereby improving cross-device gener-
alization. We further investigate whether the
same framework can be used to translate final-
stage foundation model embeddings into clin-
ically meaningful retinal biomarkers, enabling
more interpretable representations. Experiments
on the AI-READI dataset show that our frame-
work supports cross-device translation of retinal
biomarkers, enables biomarker extraction from
foundation model embeddings, and allows cross-
device biomarker estimation directly from embed-
dings. Together, these results demonstrate seam-
less integration of our approach into existing ocu-
lomics pipelines while improving the consistency,
interpretability, and clinical usability of retinal
biomarkers.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

1. Introduction
Oculomics (Zhu et al., 2025) is a field that leverages retinal
imaging to enable the non-invasive assessment of systemic
disease burden by capturing microvascular changes through
structural biomarkers. The retina is the only external or-
gan in the human body where microvasculature can be di-
rectly visualized non-invasively, providing a unique view
of blood vessels that feed blood to the heart, kidneys, brain
and other vital organs. Changes in retinal biomarkers such
as vessel tortuosity, fractal dimension, vessel density, and
the arteriovenous ratio (AVR) (Estrada et al., 2015; Huang
& Dashtbozorg, 2018; Srinidhi et al., 2019) have demon-
strated strong diagnostic relevance for chronic conditions,
including chronic kidney disease (Sasongko et al., 2012;
Tan et al., 2024), type 2 diabetes, cardiovascular disease
(Wong et al., 2002; Cheung et al., 2007), and neurological
disorders (Liew et al., 2021). These biomarkers provide a
unique window into systemic physiology, as retinal vascula-
ture shares anatomical and functional similarities with other
microvascular beds, making it particularly suitable for early
disease detection and risk stratification.

Recent advances in deep learning, along with standardized
extraction pipelines such as AutoMorph (Zhou et al., 2022),
have enabled large-scale, automated, and reproducible quan-
tification of these retinal features (Fraz et al., 2015; Perez-
Rovira et al., 2011) from fundus images. In parallel, retinal
foundation models (FMs) pretrained on large-scale datasets,
such as RETFound (Zhou et al., 2023), have been pro-
posed, leveraging extensive pretraining to shift the paradigm
from handcrafted feature extraction to representation learn-
ing. These models learn rich, hierarchical representations
that capture complex retinal patterns and achieve strong
performance across diverse downstream tasks. Despite
this progress, the deployment of these approaches in real-
world clinical settings remains limited due to two major
constraints. First, out-of-distribution (OOD) shifts arising
from camera and device heterogeneity introduce system-
atic variability in image characteristics and extracted fea-
tures, thereby reducing robustness and leading to model
drift across datasets (Futoma et al., 2020). Second, despite
their strong representational capacity, the high-dimensional
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latent embeddings produced by these models lack direct cor-
respondence with clinically interpretable retinal biomarkers,
limiting their transparency, clinical validation, and broader
adoption in practice.

To overcome these limitations, we propose a feature space
translation framework that leverages tabular neural net-
works to map retinal biomarkers from the feature space
of one imaging device to another, thereby mitigating device-
induced variability and camera drift. Rather than introduc-
ing a new architectural design, our approach focuses on
learning cross-device correspondences in feature space to
improve robustness across heterogeneous imaging systems.
Furthermore, we extend this framework to operate on the la-
tent embeddings of retinal foundation models, such as RET-
Found (Zhou et al., 2023), to translate high-dimensional
representations into clinically meaningful retinal biomark-
ers. In addition, the same formulation enables cross-device
biomarker estimation directly from embeddings, allowing
representations derived from one device to be calibrated
and interpreted in the context of another. By decoupling
representation learning from device-specific biases, our ap-
proach provides a simple yet effective way to improve the
consistency, interpretability, and cross-device applicability
of oculomics pipelines. The key contributions of this work
could be summarized as follows:

• We perform cross-device feature translation of retinal
biomarkers, extend the same framework to map latent
embeddings from retinal foundation models such as
RETFound to clinically meaningful biomarkers, and
further enable cross-device biomarker estimation di-
rectly from embeddings.

• We investigate and benchmark a range of state-of-the-
art tabular neural networks alongside classical machine
learning approaches for the feature space translation
task, providing a comprehensive evaluation of their
effectiveness in this setting.

• Our framework is model-agnostic and can be directly
integrated into existing oculomics pipelines without
architectural modifications, enabling improved cross-
device consistency and interpretability with minimal
overhead.

2. Methodology
2.1. Problem Formulation

Let D = {d1, . . . , dK} denote a set of imaging devices.
For each device d ∈ D, let X(d) ∈ Rp represent the struc-
tured retinal biomarker space (e.g., AutoMorph features),
and E(d) ∈ Rq denote the corresponding latent represen-
tation obtained from a retinal foundation model such as
RETFound.

We aim to learn a set of parametric mappings that enable (i)
cross-device biomarker translation (Eq. 1), (ii) embedding-
to-biomarker translation within a device (Eq. 2), and (iii)
cross-device biomarker estimation directly from embed-
dings (Eq. 3).

fdi→dj
: Rp → Rp, X(dj) ≈ fdi→dj

(X(di)) (1)

gd : Rq → Rp, X(d) ≈ gd(E
(d)) (2)

hdi→dj
: Rq → Rp, X(dj) ≈ hdi→dj

(E(di)) (3)

where fdi→dj , gd, and hdi→dj correspond to tasks (i), (ii),
and (iii), respectively.

All mappings are learned using tabular predictive models by
minimizing supervised reconstruction objectives over paired
samples. For a given mapping ϕ ∈ {fdi→dj , gd, hdi→dj},
we define a general objective (Eq. 4) over input–target pairs
(u, v) ∼ P , where ℓ(·, ·) denotes a task-specific loss func-
tion.

L(ϕ) = E(u,v)∼P
[
ℓ
(
v, ϕ(u)

)]
(4)

LNLL(ϕ) = −E(u,v)∼P
[
log pϕ

(
v | u

)]
(5)

Under a probabilistic formulation, we model the condi-
tional distribution pϕ(v | u) and minimize the negative
log-likelihood (Eq. 5). Assuming a Gaussian likelihood
with mean ϕ(u) and fixed variance, this reduces to a mean
squared error objective. To account for distributional dis-
crepancies induced by cross-device variability, we addition-
ally consider a Wasserstein-distance-based objective (Eq. 6)
that promotes alignment between the predicted and target
distributions. The overall optimization problem is defined
in Eq. 7, where the mappings are learned over paired sam-
ples. This formulation provides a unified framework for
addressing device-induced variability while improving the
interpretability of foundation model representations.

LW(ϕ) = E(u,v)∼P
[
W

(
δϕ(u), δv

)]
(6)

min
ϕ

L(ϕ), ϕ ∈ {fdi→dj , gd, hdi→dj} (7)

2.2. Feature Translation Framework

The overall framework is illustrated in Fig. 1. We use retinal
fundus images from the AI-READI dataset (AI-READI Con-
sortium, 2024b;a), comprising 1,067 participants with imag-
ing from multiple non-mydriatic devices, primarily Topcon

2
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Retinal Fundus Scan

Evaluation
Framework

Triton (Source)

Maestro2 (Target)

Retinal Fundus Scan

Vascular Segmentation

RetFound

RetFound Triton Embeddings

Triton Biomarkers

Maestro2 Embeddings

Maestro2 Biomarkers

Vascular Segmentation

Task 3 

Task 2

Task 1

Training Pipeline

Figure 1. Overview of the proposed feature space translation framework. The training pipeline consists of three tasks: (i) cross-device
biomarker translation, (ii) embedding-to-biomarker translation, and (iii) cross-device biomarker estimation from embeddings. The
framework operates on retinal fundus images from multiple devices and is evaluated using both prediction accuracy and distributional
alignment metrics.

Triton (source) and Topcon Maestro2 (target). These devices
differ in acquisition characteristics, leading to systematic
variations in extracted features. For each image, we extract
clinically relevant vascular biomarkers (12 features) using
AutoMorph, selected based on their established clinical rel-
evance in characterizing retinal microvasculature. These
include measures of vessel caliber (e.g., CRAE, CRVE, and
AVR), structural complexity (e.g., fractal dimension and
vessel density), and geometric properties such as vessel
tortuosity. In parallel, we obtain latent embeddings using
the pretrained RETFound model, resulting in two comple-
mentary representations per sample: a structured biomarker
vector and a high-dimensional embedding.

We evaluate the framework through three complemen-
tary translation settings. First, we perform cross-device
biomarker translation by learning mappings between
AutoMorph-derived biomarkers extracted from Triton and
Maestro2 images for paired samples. Second, we learn
embedding-to-biomarker mappings independently for each
device by regressing RETFound embeddings to the cor-
responding AutoMorph features, enabling assessment of
how well latent representations capture clinically meaning-
ful information. Third, we enable cross-device biomarker
estimation directly from embeddings by combining these
mappings, allowing embeddings from one device to be used
to estimate biomarkers in the feature space of another device.
All mappings are learned using tabular predictive models.
Training is performed on paired samples available for par-
ticipants imaged on multiple devices. The dataset is split
at the patient level into 70%/15%/15% for training, valida-
tion, and testing, respectively, ensuring no subject overlap
across splits. To ensure robustness, we further employ 5-
fold cross-validation on the training set for model selection.
Performance is evaluated using standard regression metrics,
including mean absolute error (MAE) and coefficient of

determination (R2). In addition, we assess distributional
alignment across devices using Wasserstein distance, Kull-
back–Leibler (KL) divergence, and Jensen–Shannon (JS)
divergence, providing a comprehensive evaluation of both
predictive accuracy and cross-device consistency.
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Figure 2. Distributional alignment for direct cross-device transla-
tion of AutoMorph-derived retinal biomarkers from Maestro2 to
Triton.

3. Results and Discussion
We begin by evaluating cross-device biomarker translation
using eight tabular learning approaches, including classi-
cal machine learning methods such as CatBoost, Gradi-
ent Boosting, Ridge Regression, and Linear Regression,
along with state-of-the-art tabular neural network models
including TabPFN (Hollmann et al., 2023), TabM (Gorish-
niy et al., 2025), RealMLP, and a lightweight MLP. These
models were selected to span a diverse range of inductive
biases, from linear baselines to recent architectures that have
demonstrated strong performance on tabular benchmarks
such as TabArena (Erickson et al., 2025).

Table 1 summarizes the performance for translation from
Maestro2 to Triton. Strong predictive performance is ob-
served across most vascular biomarkers, with features such
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Table 1. Cross-device biomarker translation performance from Maestro2 to Triton across eight tabular learning models. Performance
is reported in terms of coefficient of determination (R2) and root mean squared error (RMSE). The best-performing method for each
biomarker is shown in bold, and the second-best is underlined.

TabPFN Lightweight MLP CatBoost TabM RealMLP Ridge Gradient Boosting Linear Regression

Biomarker R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE

AVR (Knudtson) 0.597 0.0462 0.592 0.0465 0.530 0.0498 0.592 0.0465 0.568 0.0478 0.578 0.0472 0.503 0.0513 0.578 0.0472
Artery Distance Tortuosity 0.296 3.0711 0.256 3.1557 0.266 3.1342 0.278 3.1089 0.246 3.1777 0.256 3.1565 0.221 3.2300 0.253 3.1620
Artery Fractal Dimension 0.688 0.0256 0.669 0.0264 0.633 0.0278 0.683 0.0258 0.682 0.0258 0.675 0.0261 0.645 0.0273 0.675 0.0261
Average Width 0.674 3.5798 0.664 3.6346 0.610 3.9129 0.673 3.5824 0.648 3.7169 0.668 3.6114 0.649 3.7121 0.667 3.6162
CRAE (Knudtson) 0.729 11.3928 0.735 11.2756 0.725 11.4754 0.723 11.5155 0.737 11.2203 0.730 11.3733 0.698 12.0211 0.730 11.3659
CRVE (Knudtson) 0.782 14.3771 0.780 14.4633 0.768 14.8600 0.777 14.5561 0.781 14.4346 0.785 14.3021 0.748 15.4846 0.784 14.3234
Distance Tortuosity 0.429 0.0135 0.412 0.0138 0.395 0.0142 0.420 0.0136 0.405 0.0139 0.415 0.0137 0.372 0.0146 0.413 0.0138
Fractal Dimension 0.701 0.0179 0.694 0.0181 0.675 0.0188 0.699 0.0180 0.692 0.0182 0.697 0.0180 0.661 0.0191 0.696 0.0181
Tortuosity Density 0.512 0.0217 0.498 0.0220 0.470 0.0227 0.505 0.0218 0.488 0.0222 0.500 0.0219 0.452 0.0231 0.499 0.0219
Vein Distance Tortuosity 0.318 0.0148 0.302 0.0151 0.281 0.0156 0.310 0.0149 0.295 0.0152 0.305 0.0150 0.260 0.0160 0.303 0.0151
Vein Fractal Dimension 0.645 0.0195 0.632 0.0198 0.601 0.0206 0.640 0.0196 0.628 0.0199 0.636 0.0197 0.590 0.0209 0.635 0.0198
Vessel Density 0.589 0.0321 0.575 0.0326 0.542 0.0338 0.584 0.0323 0.567 0.0329 0.579 0.0324 0.530 0.0342 0.577 0.0325

as fractal dimension, vessel density, and vessel caliber
(CRAE, CRVE) achieving R2 values in the range of 0.6–
0.78. TabPFN consistently achieves the best or near-best
performance across most biomarkers, while TabM and the
lightweight MLP also demonstrate competitive results. In
contrast, linear models perform worse on more complex fea-
tures such as tortuosity, indicating non-linear cross-device
relationships. This is further supported by distributional
analysis (Fig. 2), where predicted and target distributions
show strong overlap with low divergence, suggesting effec-
tive mitigation of cross-device variability in the biomarker
space.

Based on these observations, we restrict subsequent exper-
iments to TabPFN, lightweight MLP, and CatBoost. We
next evaluate embedding-to-biomarker translation to assess
whether RETFound embeddings encode clinically meaning-
ful retinal features. As shown in Table 2, several biomark-
ers, particularly fractal dimension and vessel caliber, can
be recovered with high accuracy, with R2 values exceeding
0.75. However, performance varies across features, with
tortuosity-related measures showing weaker alignment. Dis-
tributional comparisons (see Fig. 3 in Appendix) indicate
that non-linear models achieve better alignment, highlight-
ing their importance for interpreting latent representations.
These results suggest that RETFound embeddings encode
clinically meaningful vascular information, although not
uniformly across all biomarkers.

Finally, we evaluate the compositional setting, where embed-
dings are mapped to biomarkers and then translated across
devices. As shown in Table 3, performance degrades relative
to direct translation due to error accumulation, but several
structural biomarkers such as fractal dimension and vessel
density retain competitive performance. Distributional anal-
ysis (see Fig. 4 in Appendix) shows moderate divergence,
while predicted distributions remain well-aligned for key
features. Taken together, these results demonstrate that fea-
ture space translation mitigates cross-device variability and
enables the extraction of clinically meaningful biomarkers
from retinal foundation model embeddings. The feasibil-

ity of compositional translation further supports its use for
cross-device clinical validation and deployment.

4. Conclusion
In this work, we presented a feature-space translation frame-
work to address device-induced variability in oculomics
while improving the interpretability of retinal foundation
model representations. By learning mappings between struc-
tured biomarkers and latent embeddings, the framework
enables consistent analysis across heterogeneous imaging
devices. Experiments on the AI-READI dataset show that
cross-device biomarker translation can be achieved reli-
ably using tabular models, with strong predictive perfor-
mance and distributional alignment. We further demon-
strate that retinal foundation model embeddings encode
clinically meaningful vascular information that can be re-
covered through appropriate mappings, enabling biomarker
estimation directly from device-agnostic embeddings.

Overall, these results highlight feature-space translation as a
practical solution for improving cross-device generalization
in oculomics, supporting more reliable and clinically inter-
pretable analysis. While this study uses an earlier release of
the AI-READI dataset (1,067 participants) and focuses on
one-directional translation from Maestro2 to Triton, future
work will extend to bidirectional and multi-device settings
and incorporate the newer 2,200+ participant release for
more comprehensive validation. This study focused on Mae-
stro2 and Triton due to quality limitations in other devices
in AI-READI, future work will focus on improving robust-
ness to lower-quality imaging and extend the framework to
additional devices and datasets.

4



220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274

Probing Retinal Foundation Models for Biomarker Alignment

References
AI-READI Consortium. Flagship dataset of type 2 diabetes

from the ai-readi project (2.0.0) [data set], 2024a. URL
https://doi.org/10.60775/fairhub.2.

AI-READI Consortium. Ai-readi: rethinking data
collection, preparation and sharing for propelling
ai-based discoveries in diabetes research and be-
yond. Nature Metabolism, 2024b. doi: 10.1038/
s42255-024-01165-x. URL https://doi.org/10.
1038/s42255-024-01165-x.

Cheung, N., Bluemke, D. A., et al. Retinal arteriolar nar-
rowing and left ventricular remodeling. In Journal of the
American College of Cardiology, pp. 48–55, 2007.

Erickson, N., Purucker, L., Tschalzev, A., Holzmüller, D.,
Desai, P. M., Salinas, D., and Hutter, F. Tabarena: A
living benchmark for machine learning on tabular data.
arXiv preprint arXiv:2506.16791, 2025.

Estrada, R., Allingham, M. J., et al. Retinal artery-vein clas-
sification via topology estimation. In IEEE Transactions
on Medical Imaging, pp. 2518–2534, 2015.

Fraz, M. M., Welikala, R. A., et al. Quartz: Quantitative
analysis of retinal vessel morphology. In Expert Systems
with Applications, pp. 7221–7234, 2015.

Futoma, J., Simons, M., et al. The myth of generalisability
in clinical machine learning. In Lancet Digital Health,
pp. e489–e492, 2020.

Gorishniy, Y., Kotelnikov, A., and Babenko, A. Tabm:
Advancing tabular deep learning with parameter-efficient
ensembling. In International Conference on Learning
Representations (ICLR), 2025.

Hollmann, N., Müller, S., Eggensperger, K., and Hutter, F.
Tabpfn: A transformer that solves small tabular classifi-
cation problems in a second. In International Conference
on Learning Representations (ICLR), 2023.

Huang, F. and Dashtbozorg, B. Artery/vein classification in
fundus images. In Machine Vision and Applications, pp.
23–34, 2018.

Liew, G., Gopinath, B., et al. Retinal vasculature fractal and
stroke mortality. In Stroke, pp. 1276–1282, 2021.

Perez-Rovira, A., MacGillivray, T., et al. Vampire: Vessel
assessment platform for retina. In IEEE EMBS Confer-
ence, 2011.

Sasongko, M. B., Wong, T. Y., et al. Retinal arteriolar
tortuosity and kidney dysfunction. In American Journal
of Ophthalmology, pp. 176–183, 2012.

Srinidhi, C. L., P., A., and Rajan, J. Automated retinal
artery/vein separation. In IEEE Transactions on Image
Processing, pp. 2705–2718, 2019.

Tan, Y., Ma, Y., et al. Deep learning for detection of chronic
kidney disease from retinal images. In European Journal
of Ophthalmology, pp. 502–509, 2024.

Wong, T. Y., Klein, R., et al. Retinal arteriolar narrowing
and risk of coronary heart disease. In JAMA, 2002.

Zhou, Y., Wagner, S. K., et al. Automorph: Automated reti-
nal vascular morphology quantification. In Translational
Vision Science and Technology, 2022.

Zhou, Y., Chia, M. A., Wagner, S. K., Ayhan, M. S.,
Williamson, D. J., Struyven, R. R., Liu, T., Xu, M.,
Lozano, M. G., Woodward-Court, P., et al. A foundation
model for generalizable disease detection from retinal
images. Nature, 622(7981):156–163, 2023.

Zhu, Z., Wang, Y., et al. Oculomics: Current concepts and
evidence. In Progress in Retinal and Eye Research, 2025.

5

https://doi.org/10.60775/fairhub.2
https://doi.org/10.1038/s42255-024-01165-x
https://doi.org/10.1038/s42255-024-01165-x


275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329

Probing Retinal Foundation Models for Biomarker Alignment

A. Additional Results
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Table 2. Embedding-to-biomarker translation performance on Maestro2, where RETFound embeddings are mapped to AutoMorph-derived
retinal biomarkers. Performance is reported using R2 and RMSE. Best results are shown in bold and second-best in underline.

TabPFN Ridge ElasticNet PLS

Biomarker R2 RMSE R2 RMSE R2 RMSE R2 RMSE

AVR (Knudtson) 0.058 0.0779 0.027 0.0792 0.033 0.0789 0.083 0.0769
Artery Distance Tortuosity -0.036 3.9064 -0.342 4.4474 -0.000 3.8393 0.019 3.8026
Artery Fractal Dimension 0.749 0.0195 0.751 0.0195 0.789 0.0179 0.754 0.0193
Average Width 0.475 4.8116 0.576 4.3267 0.539 4.5109 0.426 5.0306
CRAE (Knudtson) 0.487 16.7132 0.537 15.8784 0.504 16.4320 0.511 16.3203
CRVE (Knudtson) 0.490 27.9760 0.540 26.5600 0.501 27.6794 0.539 26.6057
Distance Tortuosity 0.233 0.8200 0.126 0.8754 0.181 0.8474 0.129 0.8743
Fractal Dimension 0.857 0.0154 0.875 0.0144 0.835 0.0166 0.830 0.0168
Tortuosity Density 0.241 0.0299 -0.035 0.0349 0.149 0.0316 0.243 0.0298
Vein Distance Tortuosity -0.046 1.4436 -0.159 1.5194 0.039 1.3837 -0.031 1.4327

Table 3. Cross-device biomarker estimation from embeddings (Maestro2 → Triton), where RETFound embeddings are first translated to
biomarkers and then aligned across devices. Performance is reported using R2 and RMSE. Best results are shown in bold and second-best
in underline.

TabPFN CatBoost Lightweight MLP Ridge

Biomarker R2 RMSE R2 RMSE R2 RMSE R2 RMSE

AVR (Knudtson) 0.042 0.0869 0.017 0.0880 0.052 0.0864 0.040 0.0869
Artery Distance Tortuosity 0.065 3.8367 0.023 3.9215 -0.006 3.9780 0.085 3.7950
Artery Fractal Dimension 0.573 0.0309 0.570 0.0311 0.567 0.0312 0.577 0.0308
Average Width 0.318 5.1273 0.338 5.0522 0.331 5.0780 0.322 5.1112
CRAE (Knudtson) 0.443 18.5751 0.442 18.5904 0.461 18.2647 0.452 18.4190
CRVE (Knudtson) 0.445 27.0663 0.442 27.1275 0.437 27.2463 0.540 26.5600
Distance Tortuosity 0.216 0.7865 0.191 0.7986 0.116 0.8348 0.196 0.7962
Fractal Dimension 0.715 0.0225 0.703 0.0230 0.716 0.0225 0.707 0.0224
Tortuosity Density 0.194 0.0322 0.176 0.0325 0.147 0.0331 0.195 0.0322
Vein Distance Tortuosity -0.081 1.4492 -0.110 1.4691 -0.071 1.4429 -0.060 1.4353
Vein Fractal Dimension 0.719 0.0224 0.699 0.0232 0.731 0.0219 0.719 0.0224
Vessel Density 0.760 0.0068 0.747 0.0070 0.752 0.0069 0.750 0.0070
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Per-panel: Wasserstein-1 normalised by feature std (W / ), Kullback Leibler (KL), Jensen Shannon (JS) divergence between the two KDEs.
Means across the 12 biomarkers  W /  = 0.32  ·  KL = 2.23  ·  JS = 0.093.

Lower is better on all three. KDE on a 400-point grid spanning both samples.

Maestro (target) Prediction

Figure 3. Distributional alignment between predicted biomarkers obtained from RETFound embeddings and ground-truth AutoMorph
biomarkers. Strong overlap across key vascular features indicates that the embeddings encode clinically meaningful retinal information.
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Triton (target) Prediction

Figure 4. Distributional alignment for cross-device biomarker estimation from embeddings. RETFound embeddings are first translated to
biomarkers and then aligned across devices. Predicted distributions remain well-aligned with target Triton biomarkers for key features.
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