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Abstract

Artificial Intelligence holds tremendous potential in medicine, but is traditionally limited by the
lack of massive datasets to train models on. Foundation models, pre-trained models that can
be adapted to downstream tasks with small datasets, could alleviate this problem. Researchers
at Moorfields Eye Hospital (MEH) proposed RETFound-MEH, a foundation model for retinal
imaging that was trained on 900,000 images, including private hospital data. Recently, “data-
efficient” DERETFound was proposed that provides comparable performance while being
trained on only 150,000 images that are all publicly available. However, both these models
required very substantial resources to train initially and are resource-intensive in downstream
use. We propose a novel Token Reconstruction objective that we use to train RETFound-Green, a
retinal foundation model trained using only 75,000 publicly available images and 400 times less
compute. We estimate the cost of training RETFound-MEH and DERETFound at $10,000 and
$14,000, respectively, while RETFound-Green could be trained for less than $100, with equally
reduced environmental impact. RETFound-Green is also far more efficient in downstream use: it
can be downloaded 14 times faster, computes vector embeddings 2.7 times faster which then
require 2.6 times less storage space. Despite this, RETFound-Green does not perform
systematically worse. In fact, it performs best on 14 tasks, compared to six for DERETFound and
two for RETFound-MEH. Our results suggest that RETFound-Green is a very efficient, high-
performance retinal foundation model. We anticipate that our Token Reconstruction objective
could be scaled up for even higher performance and be applied to other domains beyond retinal
imaging.

Introduction

Artificial Intelligence has many promising applications in medicine, but the lack of large labelled
datasets and access to vast computational resources present substantial bottlenecks [1].
Domain-specific “foundation models” that can be efficiently adapted to various downstream
tasks are being proposed to remedy this issue [2], [3], [4]. Zhou et al. [5] from Moorfields Eye
Hospital (MEH) recently proposed such a foundation model for retinal imaging, called
“RETFound”. This could help unlock the potential of Artificial Intelligence in ophthalmology,
where low-cost, non-invasive retinal colour fundus images are routinely used to screen for and



diagnose retinal disease, a key public health burden [6], [7]. Artificial Intelligence could aid in
the interpretation of these images [8], [9], [10], [11], [12], [13]. These images capture the retina
and its blood vessels in detail and thus allow inferences about the systemic health of individuals
[14],[15], [16], [17], too, afield of study known as “oculomics” [18].

RETFound, henceforth referred to as “RETFound-MEH” for Moorfields Eye Hospital, presents a
substantial contribution to the field, but took substantial resources to train: 900,000 retinal
colour fundus images that are largely not publicly available and two weeks of eight high-end
A100 datacentre-grade GPUs, which we estimate to have cost over $10,000 (see Methods for
calculations). Note that this is only for the training the final model and not additional
experimentation that is typically necessary when training deep learning models. This level of
resource consumption makes further scaling up expensive, both financially and environmentally
[19], [20], and puts foundation model development out of reach of all but the most well-
resourced labs.

More recently, Yen et al. proposed a data-efficient “DERETFound” [21] that was trained using
only 150,000 images that are all publicly available. To accomplish this, they trained a diffusion
model to generate over a million synthetic colour fundus images and then trained their model
first on the synthetic and then on the real images. However, while it lowers the bar for dataset
size, it does so at substantially increased computational cost due to training the generator and
then using it to generate images. Overall, DERETFound required about 45% more computational
resources than RETFound-MEH.

Both RETFound-MEH and DERETFound use the “Masked AutoEncoder” (MAE) [22] self-
supervised learning strategy including the original hyperparameters, which Zhou et al. found to
be more effective than other self-supervised strategies like SimCLR [23], SwAV [24], DINO [25]
or MoCo-v3 [26]. However, these strategies are proposed in the general computer vision
literature and thus designed for a task that differs substantially from the development of retinal
image foundation model. First, they train models from scratch using randomly initialised
weights, which is particularly challenging and computationally expensive for modern vision
transformer architectures [27] that do not have strong inductive biases like traditional
convolutional neural networks. Both RETFound-MEH and DERETFound use these pre-trained
weights and thus only need to adapt the model to retinal imaging. Second, general computer
vision uses natural images which have a different structure and more high-level diversity. In a
dataset like ImageNet, an image of a dog is very different from an image of a car, which both in
turn are very different from an image of a plate of food. In ophthalmology, a healthy eye and an
eye with age-related macular degeneration might only differ through the presence of small
deposits called drusen, which show up as tiny specks on the images. Third, datasets in general
computer vision are very large with tens of millions [28] or even billions of images [29].

Design choices common in computer vision that were adopted by both RETFound-MEH and
DERETFound include the MAE self-supervised learning approach, as well as a low resolution of
224 by 224 pixels, a fraction of the 3-4,000 pixels that modern retinal cameras tend to acquire,



and using the “large” variant of the vision transformer architecture [27], which makes them
somewhat computationally expensive during inference, i.e. when processing images with the
model for downstream tasks. While training costs are large, if models are adopted in routine
care, the inference costs are recurring and thus a substantial factor with a non-negligible
environmental footprint [19]. MAE involves pixel-level re-construction of images which is
effective for the high-level diversity in natural images, not well suited for capturing small
structures.

In this work, we propose a novel Token Reconstruction self-supervised learning strategy that
focuses on higher-level, abstract features and is designed for making domain-specific
foundation models instead of training models from scratch for general computer vision. See the
Methods section and Figure 5 for a detailed explanation. We use our Token Reconstruction
objective to train RETFound-Green, a high-performance retinal foundation model. Figure 1 gives
an overview of how RETFound-Green compares with RETFound-MEH and DERETFound. Our
strategy allows RETFound-Green to be trained far more efficiently in terms of data and compute,
and yields a model that is substantially more lightweight in downstream applications while not
being systematically worse than the previous models. On the contrary, in our experiments,
RETFound-Green obtains 14 statistically significant wins, compared to six for DERETFound and
2 for RETFound-MEH. All of our experiments use open data and the methodology underlying
each of the comparisons is explained in detail in the Methods section. We make RETFound-
Green openly available and expect that it will not only be a useful tool for researchers in
ophthalmic Al but democratise both access to and development of foundation models. Our
Token Reconstruction objective is not explicitly designed for retinal image analysis and thus
might find application in other medical and non-medical domains.
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Figure 1: Comparison of RETFound-MEH, DERETFound, and RETFound-Green. a) RETFound-Green was trained with
substantially less data and compute. b) RETFound-Green is easier and more efficient in downstream applications.
c) RETFound-Green does not perform generally worse and better in most cases in our experiments, but this might
differ across datasets and tasks. d) RETFound-Green is a far more efficient approach and could be scaled up to
yield an even higher performance, next-gen foundation model.



Results

Training and downstream use efficiency

RETFound-MEH DERETFound RETFound-Green Green vs best
Training data 904,170 images 150,786 images 75,000 images 2x less
Training compute 112 A100 days 163 A100 days ~0.27 A100 days >400x less
Training cost
(monetary/carbon,  ~$10,000 / 81kg of coal burned ~$14,000 / 117kg of coalburned <$100 / 0.2kg of coal burned >100x less
estimate)
Training hardware 8x top datacentre GPUs 8x top datacentre GPUs 1x top consumer gaming GPU >8x less

(total VRAM: 320 GB) (total VRAM: 640 GB) (total VRAM: 24 GB)

Disk space B 1..12 GB 3 B 1-.12 GB B 0.09 GB 14x less
(model) (our optimisation, 3.68 GB originally) (our optimisation, 3.68 GB originally)
Disk space
(1 million embeddings) 39.1GB 39.1GB 14.6 GB 2.6x less
Infi d . . .
(Z;’fe”ﬁ:rzfv’f;e) 6img/s 6img/s 16img/s 2.7x faster
Linear probe speed
(same hardware) 2.45 s / task 2.40 s/ task 0.96 s / task 2.5x faster
FERRENED At least comparable o
(Ol G s (Various BRSET tasks [Fig. 2]: 5 wins for RETFound-Green, 4 wins for DERETFound, none for RETFound-MEH. Not generally inferior
with p<0.05) Diabetic retinopathy grading [Fig. 3]: 9 wins for RETFound-Green, 2 wins each for DERETFound and RETFound-MEH.)

Table 1: Training resources and downstream use efficiency. See the following sections for detailed results regarding
the performance on downstream tasks. See the Methods section for detailed explanations for all of the other rows.

RETFound-Green uses a novel Token Reconstruction self-supervised learning pre-training
objective that allows it to be trained far more efficiently than RETFound-MEH and DERETFound
which use the Masked Autoencoder (MAE) [22] objective. This allows for substantial
improvements in efficiency as shown in Table 1.

RETFound-Green was trained with only 75,000 images, half of what DERETFound was trained on
and 12 times less than the original RETFound-MEH. Furthermore, RETFound-Green required two
orders of magnitude less computational resources, 400 times less than the original RETFound-
MEH and 600 times less than DERETFound which required substantial compute resources for
generating synthetic images. Thus, RETFound-Green was trained at a substantially lower cost.
This also translates into a smaller estimated carbon footprint [20]: Training RETFound-MEH had
an environmental impact comparable to burning 81kg of coal, DERETFound 117kg of coal, and
RETFound-Green only 0.2kg of coal.

In addition to being more efficient to train, RETFound-Green is also more efficient in
downstream use. The modelis 14x smaller and can thus be stored and downloaded more easily,
which especially benefits researchers with slow internet connections. Note, that this already
factors in an improvement we made to RETFound-MEH and DERETFound that more than halves
their file size without loss of performance, as described in detail in the Methods section. It also
provides denser embeddings that require 2.6 times less space, which makes maintaining and
sharing a vector database of image embeddings more efficient. Obtaining embeddings of
images is about 2.6 times faster and thus more accessible even in lower resource settings.
Finally, as the embeddings are denser, fitting a predictive model using those embeddings is also
faster.



Another advantage that is harder to quantify but very important in practice is the ease-of-use
and maintainability of the software code. In software development, there is a concept of
“technical debt” where imperfect solutions lead to problems and increased workload in the
future, similar to paying back a loan with interest. Being easier to set up and more maintainable
is particularly important as users of medical foundation models might be less familiar with
programming than those developing them. Thus, technical know-how can be a real bottleneck
that is exacerbated by reliance on complex or outdated code.

Specifically, RETFound-MEH requires a five year old version of the Python programming
language (version 3.7.5) which is now considered “end-of-life” and no longer officially supported
[30]. Anecdotally, this meant that we were unable to use RETFound-MEH in a Scottish safe
haven as this version of Python is considered a security risk by the IT team and thus could not be
installed. RETFound-Green works with current, up-to-date versions of Python. Both RETFoud-
MEH and DERETFound further require a four year old version of the popular PyTorch Image
Models library [31] and a modified version of the codebase for MAE [22] released by Meta two
years ago which contains hundreds of lines of code. By contrast, RETFound-Green works with
the most recent version of the PyTorch image models library and can be loaded with two lines of
code.

Performance on diverse downstream tasks

We compare the performance of the three foundation models on nine different downstream
tasks using BRSET [32], a Brazilian dataset of 16,266 colour fundus images. We chose this
dataset as it is relatively large and richly annotated, which enables us to compare the models on
a variety of downstream tasks, namely classifying abnormality of three key anatomical
landmarks visible in colour fundus images (macula, optic disc, and retinal vessels), three
different retinal diseases (age-related macular degeneration, macular edema, and diabetic
retinopathy), and three non-retinal disease tasks (image quality, diabetes status, and insulin
usage for diabetics).



a) Abnormality of key retinal landmarks

Macula Optic Disc Vessels
1.0 1.0 4 1.0 4
p<0.0001 p<0.0001
0.9 0.9 1 - 0.9 1 £<0.0001
O 08 0.8551 O 0s | - O 0s
e nO; E ’ 0.7924
207 207 207
0.6 0.6 0.6
0.5 0.5 0.5
b) Retinal disease detection
Lo Age-related macular dege(n:(l;:éllon Lo- Macular Edema p<0.0001 Lo- Diabetic Retinopathy <0.0001
0.9 09155 0.9 08382 091 08379
g 08 208 208
iy = <
207 207 207
0.6 0.6 0.6
0.5 0.5 0.5
c) Non-retinal disease tasks
Quality Diabetes Insuline
1.0 1.0
p<0.0001
) —ps0.0001 09 —p=0.0001

- 0.8962

Figure 2: Performance for a variety of tasks in BRSET. The horizontal green dashed line indicates the performance of
RETFound-Green to aid visual comparison. For robustness, reported results are the median of 100 bootstrap
samples of the test set. Best result for each task in bold, the bar with p-value indicates the result of a Wilcoxon
signed-rank test between the best and second best methods across the 100 bootstrap samples.

The results are shown in Figure 2. Counting only statistically significant wins with p<0.05,
RETFound-Green performs best for five of the nine tasks, while DERETFound wins four times.
For most tasks, the best method wins by a reasonably large margin, except for Quality and
Diabetes where the differences are statistically significant but all three methods obtain very
comparable performance. Overall, RETFound-Green obtains the most wins and generally
performance is at least comparable across all tasks but for Optic Disc abnormality and Insulin
usage, DERETFound obtains substantially better results.



Performance on fine-grained diabetic retinopathy grading
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Figure 3: Performance for fine-grained diabetic retinopathy grading. The horizontal green dashed line indicates the
performance of RETFound-Green to aid visual comparison. For robustness, reported results are the median of 100

bootstrap samples of the test set. Best result for each task in bold, the bar with p-value indicates the result of a

Wilcoxon signed-rank test between the best and second best methods across the 100 bootstrap samples.

In addition to the variety of different tasks in the previous section, we further look at fine-grained
diabetic retinopathy related tasks. Diabetic retinopathy is a very common retinal disease and
screening for it as well as grading its severity is key part of ophthalmic care, thus it makes a good

test case for detailed retinal disease assessment. Here, we use the severity grades provided in
BRSET and further consider the Indian Diabetic Retinopathy Image Dataset (IDRiD) [33] that
provides severity grades for diabetic retinopathy and macular edema, which is common in
patients with diabetic retinopathy.

Figure 3 shows the results. RETFound-Green obtains nine statistically significant wins, whereas
RETFound-MEH and DERETFound each win in two cases. In three cases, namely diabetic
retinopathy grades 1, 2, and 3 for IDRID, the best method did not outperform the second best
one in a statistically significant way. However, it is worth noting that in all three cases,
RETFound-Green was either the winner or runner-up, while the third method performed
substantially worse than the first two. Thus, overall RETFound-Green appears to offer the best
performance for fine-grained disease grading tasks.



Effectiveness of the RETFound-Green Token Reconstruction pre-training objective
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Figure 4: Comparison between RETFound-Green and DinoV2. The horizontal green dashed line indicates the
performance of RETFound-Green to aid visual comparison. For robustness, reported results are the median of 100
bootstrap samples of the test set. Best result for each task in bold, the bar with p-value indicates the result of a
Wilcoxon signed-rank test between the best and second best methods across the 100 bootstrap samples.

To evaluate the effectiveness of our Token Reconstruction pre-training object, we compare
RETFound-Green with the original DinoV2 [34] model that we initialised our weights with across
all tasks from the previous two sections. Figure 4 shows the results of this comparison.
RETFound-Green obtains 18 statistically significant wins, while DinoV2 obtains 4 wins, and
there are 3 draws where neither method performed significantly better. These results suggest
that while DinoV2 already presents a very strong baseline, our Token Reconstruction pre-training
objective was indeed effective in pre-training RETFound-Green for retinal images.

Discussion

This work presents RETFound-Green, a new high-performance retinal image foundation model
that was trained using a novel Token Reconstruction pre-training objective. This novel objective
allowed us to train RETFound-Green with 50% less data and 400x less computational resources
compared to the “best of both worlds” of the two previously proposed models, namely
DERETFound’s data efficiency and RETFound-MEHs compute efficiency. RETFound-Green is
also far more efficient and easier to use in downstream applications. Despite these substantial
improvements in efficiency, RETFound-Green does not perform systematically worse and in fact
in our experiments it has 14 statistically significant wins compared to four for DERETFound and
two for RETFound-MEH.

While Al-powered advancements in healthcare hold great promise, there is a risk that they could
lead to new or exacerbated disparities as the resources necessary to develop or make use of
them are not accessible to everyone [35]. We believe that RETFound-Green will not only serve
as a useful foundation model for retinal image analysis but also democratize foundation models
in multiple ways: First, democratising access to foundation models. RETFound-Green is far



more efficient in downstream applications, which will especially benefit researchers with
comparatively fewer resources. For example, on a 128Kb/s internet connection, it would take 2
days and 15 hours to download RETFound-MEH or DERETFound as shared by the authors, 19.5
hours with our optimisation of their models, but RETFound-Green could be downloaded in just
1.5 hours. As RETFound-Green is 2.7 times faster when it comes to calculating embeddings, it
could take a workload that previously would have taken a whole day down to less than nine
hours, or allow such a workload to be run in the same time on hardware that is 2.7 times slower.
If models are used routinely in healthcare, this can produce substantial emissions [19] and
increased inference efficiency translates into more sustainable medical Al.

Second, RETFound-Green and the Token Reconstruction objective we introduce democratise
foundation model development by requiring far less data than before: half of the data-efficient
DERETFound and 12 times less than the original RETFound-MEH. This not only allows
researchers without access to massive databases to develop their own foundation models, but
could also enable future foundation models to be substantially fairer than current ones. As the
required dataset size is now less than 100,000 images, it would be feasible to collect a
comparatively small yet representative and unbiased dataset that includes data from diverse
patients in terms of ethnicity, sex, disease status, etc. and from a variety of healthcare contexts
across the world.

Third, the reduced computational cost of our pre-training objective democratises foundational
models by making it accessible to researchers without substantial financial and computational
resources, as well as by making it more sustainable by reducing the environmentalimpact
which makes it fairer towards future generations and current generations in developing
countries, who are most affected by the impact of climate change. Concretely, the previous
approaches required over a hundred days of high-end datacentre GPU days that would cost
thousands of dollars, whereas our model was trained for 8 hours on a consumer-grade GPU that
could be found in a high-end “gaming computer”. By increasing the training time to a day or two,
it would be possible to adapt our approach to instead also run on a modern low-end gaming
computer, which would be within reach of many researchers globally. The massively reduced
environmental impact means that future and scaled-up foundation models can be developed in
good conscience.

Itis important to note that our approach, including the Token Reconstruction objective, are in no
way specific to retinal imaging and likely would work similarly well for developing foundation
models for other imaging modalities, both medical and non-medical. We focus on retinal
imaging is simply because we are familiar with this domain. Given the order-of-magnitude gains
in efficiency we observe, we think it is imperative that we share our results promptly to hopefully
avoid new foundation models being trained with less efficient methods which would be highly
wasteful based on our results. Furthermore, RETFound-Green already offers many practical
advantages for researchers working on retinal image analysis. Thus, we chose not to delay



disseminating our results, instead of demonstrating effectiveness across a range of modalities
first.

While our Token Reconstruction objective appears to be very effective, we do not claim that this
is already the best possible strategy for developing foundation models. In fact, we did not tune
or iterate on our approach at all, thus it would be surprising if there was no room left for
improvement. However, at present our approach is already vastly more efficient than the
approach used by RETFound-MEH and DERETFound. One important general lesson from this is
that when developing models for specific domains, it is likely very suboptimal to simply copy the
approach taken by researchers in general, natural image computer vision. The approaches are
developed for datasets that are orders of magnitude larger and to train models entirely “from
scratch”, i.e. using randomly initialised parameters.

RETFound-Green defies conventional wisdom that large amounts of data and compute are
necessary for the current levels of performance by achieving the same level of performance with
much less resources. This raises the possibility that a better version of RETFound-Green could
be trained with a similar amount of resources to what was used for RETFound-MEH and
DERETFound.

There are two additional potential benefits of RETFound-Green that we do not investigate in the
current manuscript but that are important to note. First, the smaller model size would be a
substantial benefit for federated learning, where the data remains distributed across multiple
sites (e.g. different hospitals) and not centrally aggregated. A big bottleneck for federated
learning is that either model parameters or gradient updates need to be sent back and forth at
each iteration, many thousands or even hundreds of thousand times. For RETFound-MEH and
DERETFound, this would require over 1GB of data transfer for each iteration, whereas for
RETFound-Green it would only be 0.09 GB, which would result in massively reduced training
time and costs. Second, RETFound-Green might be more privacy-preserving. The MAE pre-
training objective involves reconstructing the exact pixels of the input image, whereas our Token
Reconstruction objective focuses only on more abstract features. The RETFound-Green
embeddings are also denser — 384 vs 1,024 numbers per image —which substantially reduces
the risk of the embeddings allowing specific patients to be identified or images to be
reconstructed.

While our results are overall strong, there are a number of limitations for this work. First, our
evaluations focused on two datasets, one from Brazil and one from India. While we compare the
models across a variety of tasks and find that RETFound-Green generally performs best, itis
possible that for other datasets and tasks the relative performance of the three evaluated
models could be different. At present, the most important insight is that RETFound-Green does
not perform systematically worse while being far more efficient, which is well supported by the
data. Still, in future work it would be interesting to compare the models across many datasets
and an even broader selection of tasks. Second, although achieving the same level of
performance with far fewer resources suggests that even better performance could be achieved



when scaling our approach up, we do not attempt this in the current manuscript as we do not
have access to that level of resources ourselves. This is a very interesting possibility that should
be explored by future work. Third, while our approach is not specific to retinal images and likely
could be applied to many different imaging domains, we likewise do not investigate this in the
current manuscript. Finally, our approach being generic rather than specific to retinal images is
also a weakness as adding elements specific to retinal image analysis and ophthalmology, such
as integrating additional information about the patient and their symptoms or considering
longitudinal images, could further improve the utility of our model for practical applications,
which we plan to investigate in future work.

In conclusion, we present RETFound-Green trained with a novel Token Reconstruction approach
that allows us to match the performance of previous retinal image foundation models with far
less resources while being substantially more efficient and easy to use in practice. This is useful
for researchers in the field and could democratise both access to and development of
foundation models in retinal imaging and beyond.

Methods

RETFound-Green

Like RETFound-MEH and DERETFound, RETFound-Green uses the original vision transformer
architecture [27] but with four extra “register tokens” [36]. This is a minor and straightforward
modification of the architecture that has been observed to yield smoother attention maps. More
recent and advanced vision transformer architectures could be explored in the future, for
example using group tokens [37] or query pooling [38] to reduce the internal dimensionality. In
this work, we chose a similar architecture to make the comparison more direct. RETFound-MEH
and DERETFound use the “large” version of the vision transformer, RETFound-Green “small”
version. There is also a “base” version, so the small one is two steps down and much smaller.
This allows RETFound-Green to process the images at higher resolution of 392x392 instead of
224x224 used by the other two models while still being more efficient at the same time.

RETFound-MEH and DERETFound start with pre-trained weights from the Masked Autoeconder
(MAE) paper [22] and then train these weights on retinal images using the MAE strategy and
codebase. We start with weights from DinoV2 [34], a self-supervised learning method like MAE.
However, unlike the other two foundation models, we only use the DinoV2 weights and then
train those on retinal images using our own Token Reconstruction strategy, described in the next
section, and our own codebase.

Self-supervised training via Token Reconstruction

We propose a novel method for self-supervised training of pre-trained models. We note that
MAE [22] and DinoV2 [34] were devised for training models entirely from scratch, i.e. using
randomly initialised weights. These strategies are very computationally expensive and require
vast amounts of data. When developing foundation models for medical imaging, we can start



with models that were already pre-trained on natural images. In fact, this is the same approach
as RETFound-MEH and DERETFound use. However, they not only use the pre-trained MAE
weights as a starting point but the MAE self-supervised learning objective, including the
hyperparameters. This might not be optimal as the MAE strategy and the hyperparameters were
chosen for training from scratch on natural images, which is complex and resource-intensive,
especially for vision transformers.

When adapting the existing model to retinal imaging, we have two objectives for our self-
supervised training approach. First, instilling knowledge about the general appearance and
structure of retinal images. Second, optimising the features of our model for this space without
unlearning existing, useful features. We propose a novel token reconstruction strategy that is
straight-forward yet effective: We take a frozen version of the model we are adapting, pass
retinal images through it and obtain the output tokens. Our model, a second non-frozen copy, is
given noisy versions of the same images as input and its output tokens are compared to the first
model’s output tokens, and our model incurs a loss for how different the two are. In other words,
our model has to reconstruct the output tokens from noisy inputs.

A) Masked Autoencoder pre-training strategy B) Token reconstruction pre-training strategy (ours)
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Figure 5: Comparison between the Masked Autoencoder (MAE) strategy (a) used by RETFound-MEH and
DERETFound with our proposed Token Reconstruction strategy (b) that we used to train RETFound-Green. Our
strategy focuses on the abstract features that are used in downstream applications, whereas MAE focuses on exact
pixel values. MAE requires training a decoder model which increases computational cost but this model is
discarded after training. Our strategy also uses an auxiliary model, but this is kept frozen and thus gradients do not
need to be computed which lowers computational cost substantially.

The intuition behind the Token Reconstruction objective is that to match the output of the frozen
model, our model needs to use information from the non-corrupted input tokens to predict the
correct outputs for all tokens. This requires understanding the structure and co-dependencies



of retinal images. For instance, if a corrupted patch contains lesions, then it is likely that the rest
of the image either also contains lesions or other anatomical features that make the presence of
lesions more probable. Furthermore, some anatomical structures occur in specific locations
such as the optic disc or macula. To reconstruct these, the model benefits from learning what
structures tend to occur in which locations. Likewise, the pixel-wise noise needs to be ignored
by our model, which requires understanding what is part of the originalimage and what is added
noise.

We use two simple noise strategies: First, a random subset of input tokens is replaced with a
trainable “corruption token” which effectively erases the information about a patch of the input
image. Second, we apply pixel-wise Gaussian noise to the input image. The detailed parameter
settings are described in the section on training parameters below. Our strategy is straight-
forward to implement and computationally efficient. We note that there are many possible
extensions of approach that could be tried, for example additional strategies of making the
image noisy, or reconstructing the outputs of multiple different frozen models at the same time.

Datasets for pre-training and downstream evaluations

We used three publicly available datasets for pre-training: AIROGS [39], DDR [40], and ODIR-
2019. We used allimages in DDR and ODIR-2019 and then selected a random sample of 53,327
from AIROGS to achieve our desired target amount of exactly 75,000 images. We make the
subset of images used available on our GitHub to aid reproducibility.

For our downstream evaluations, we used the Brazilian Multilabel Ophthalmological Dataset
(“BRSET”) [32] which contains very rich annotations that enable us to compare models across a
variety of tasks. We randomly split BRSET into training (80%) and testing (20%) sets at the
patient level, ensuring that no patient is present in both sets to avoid data leakage. These splits
are also made available on our GitHub. We further used the Indian Diabetic Retinopathy Image
Dataset (“IDRiD”) [33] where we use the official train-test-split.

Before applying our data pipeline during training, we resize all images to a resolution of
1024x1024 and save them with very high JPG quality. Colour fundus images are circular and thus
the images should be square. However, in some datasets there is considerable horizontal black
space. Naive resizing to a square resolution, as is commonly done in the literature, does not
preserve the aspect ratio and leads to the images being squashed. Some images are cropped
slightly at the top and bottom, which also gives them a non-square aspect ratio. We detect the
fundus area and then crop horizontal black space, or pad the top and bottom, to ensure the
images are properly cropped and square before resizing. We implement this because we think it
is a principled way to resizing retinal images, but we do not think that this has any substantial
impact at all on performance.

For downstream evaluations, we simply resize the images to the desired size and normalise by
each model’s specific normalisation constants. We intentionally do not use our more complex



preprocessing on the downstream tasks to make the comparisons fair by ensuring that better
preprocessing plays no role.

RETFound-Green training parameters

RETFound-Green was trained for 120 epochs, batch size of 128, using AdamW [41] with a
maximum learning rate of 5 * 107>, betas #; = 0.9, 8, = 0.99 and weight decay 5 * 10™*. No
weight decay is applied to the bias parameters, a common practice in modern deep learning.
We use a cosine learning rate scheduler [42] with a warmup of 10 epochs where the learning
rate linearly increases from its minimum 5 * 10~° to its maximum and a cool-down of 20 epochs
where it is kept at its minimum. We use automatic mixed precision with bfloat16, a “half-
precision” data type that uses 16 instead of standard 32-bit floating point numbers that is
optimised for deep learning. This reduces memory consumption and speeds up training. The
maximum gradient norm is clipped to 0.1.

For the Token Reconstruction objective, we use a corruption ratio sampled from U(0, %), a pixel

corruption with noise sampled from N(0,0.2). The last image in each batch is kept uncorrupted
so the model is robust to the absence of corruption tokens. As loss function we use simple
mean squared error. For the projection, we use a small residual MLP consisting of LayerNorm, a
linear layer, a GELU activation, and another linear layer. Each of the linear layers had a
dimension of 384, same as the dimensionality of our model. The projector takes the model’s
final representation as input, and the projector’s outputis then scaled by an element-wise
learnable parameter and added to the final representations before loss computation.

We apply slight colour jitter and rotations 25% of the time, pad the sides of the images by
random value between 33 and 150 pixels to simulate poorly cropped images 10% of the time,
and scale the image with a random value between 80 and 120%. We then use one of three ways
to obtain an image of our target resolution of 392x392: standard resizing, or a random resized
crop with a scale of 70-100%, or a centre crop after scaling the image up by 30%. Note that first
properly cropping the images and then simulating poor cropping randomly, we decorrelate poor
cropping from specific datasets, which might make our model more robust.

RETFound-Green uses simple normalisation with mean and standard deviation parameters of
0.5 for all three colour channels, whereas RETFound-MEH and DERETFound use the statistics of
the ImageNet dataset of means 0.485, 0.456, 0.406 for red, green, and blue channels, and
standard deviations of 0.229, 0.224, 0.225. The model learns to adjust to these constants during
training, so this is a very small optimisation to increase convenience in downstream use as
users of RETFound-Green only need to remember 0.5, instead of looking up these values.

We use identical settings for the version at a lower resolution of 224x224, noting that efficiency
likely could be improved by increasing the batch size and scaling down the learning rate
accordingly. However, we did not tune these parameters for RETFound-Green nor the lower
resolution version. Instead, we chose reasonable values that worked well out of the box.



Predictive modelling for downstream tasks

We obtain vector embeddings for the images from each of the foundation model and then fita
linear model with logistic linkage function to the downstream training set, also known as “linear
probing” in the machine learning community. We use default values in the popular scikit-learn
[43] machine learning library, except for increasing the maximum fitting iterations to 20,000 to
ensure that all models converge successfully. Note that in machine learning, unlike traditional
statistics, a L2-weight penalty is used by default which substantially improves convergence and
tends to increase predictive performance. We standardise the data to 0 mean and unit variance
using scikit-learn’s StandardScaler to help convergence and ensure the weight penalty has the
same effect for all variables. We follow machine learning best practices and estimate the
parameters for standardisation only on the training set, which avoids data leakage and
simulates the scenario where the test data is not available at training time.

This strategy for adapting foundation models has many advantages over fine-tuning the whole
model. First, it can be done using only vector embeddings and labels without requiring the
images themselves. This allows developing new models just from vector databases. Second, it
is very computationally efficient and can be done on low-end hardware, especially if the vector
embeddings are already computed. But even if not, this strategy only requires inferences on
each image once (also known as a “forward pass” in machine learning), whereas fine-tuning
typically requires multiple passes over each image (once per epoch) and each of those passes
is computationally more expensive as in addition to the forward pass we also need to compute
gradients and take optimisation steps (also known as “backward pass”). Third, it requires much
less technical know-how than fine-tuning a deep learning model and could be done in statistical
programming languages like R that clinicians are more likely to be familiar with as well as
Python, whereas deep learning is best done in languages like Python or C++.

Computational resources

We measure compute in terms of “A100 days”, which means the equivalent of training on a
single Nvidia A100 Tensor Core datacentre GPU for 1 day. The original RETFound was trained on
8 A100s for two weeks, so 8*14=112 A100 days. DERETFound used 2 A100 days for training the
diffusion model, about 113 days for generating images with that model, and finally 8 A100s for 6
days for training the DERETFound model itself, so 2+113+(6*8)=163 A100 days. RETFound-
Green was trained for 8 hours on a desktop computer with a single Nvidia RTX 4090 GPU, a
consumer-grade “gaming” GPU card. A 4090 is roughly equivalent to 0.82 the performance of
the slowest A100, the 40GB cloud version, in the lambda labs benchmarks [44], or 0.63
compared the faster A100 80GB. We take the multiplier that is least favourable to RETFound-
Green and estimate that it used (8/24)*0.82=0.27 A100 days.

For the estimated training costs, we use the on-demand price for a 8x A100 40GB cloud
machine on Amazon Web Services of $32.77 per hour (https://aws.amazon.com/ec2/instance-

types/p4/) and round it down to $30. Prices differ across providers and regions, and change over
time, so these are ballpark estimates. DERETFound uses the 80GB variants for pre-training


https://aws.amazon.com/ec2/instance-types/p4/
https://aws.amazon.com/ec2/instance-types/p4/

which are more expensive but we use the same, lower price of the 40GB variant for all methods.
We take the price per day and multiply it by the estimated A100 days divided by 8, as each
machine has 8x A100. This gives $10,080 for RETFound, $14,670 for DERETFound, and $24.30
for RETFound-Green. We round the other two methods down and RETFound-Green up to
“<$100”.

For estimating the CO2 released, we use the Machine Learning Emissions Calculator
(https://mlco2.github.io/impact/) proposed by previous work [20]. For a fair comparison, we use
the same cloud provider and region, Amazon Web Services in US West (N. California), a rough

mid-point between the UK and China, the two countries the compared foundation models were
developed in. We think that this is fairer than taking into account the local energy mix, as we
want to compare methods and not favour researchers based on where they happen to be
located. For example, in Scotland where we are based, renewables provided 113% of the
electricity consumption in January 2024 [45] and our model was trained overnight, when energy
consumption tends to be low. Thus, we likely did not lead to any CO2 being released, but this is
just due to our location, not due to our methods. Thus, using the calculator and same cloud
provider and region, we estimate RETFound-MEH to have generated 161kg CO2 equivalent or
81kg of coal burned, DERETFound 234kg CO2 equivalent or 117kg of coal burned, and
RETFound-Green 0.39kg CO2 equivalent or 0.2kg of coal burned.

The speed at which the vector embeddings are computed is estimated on the same hardware, a
low-end workstation with a 12™ Gen Intel i5-12600k CPU and an Nvidia RTX3060ti GPU, a last
generation, low-end gaming card. This level of hardware is very accessible, even in
comparatively low resource settings. For equal comparison, we measure inference speed using
GPU-acceleration with full float32 precision and a batch size of 1, following the example script
released by Zhou et al.
(https://github.com/rmaphoh/RETFound_MAE/blob/main/RETFound_Feature.ipynb). Batching
and mixed precision could further improve inference time. The same CPU is used for fitting of
the linear probes.

Storage space for model weights and vector embeddings

Users of foundation models incur storage costs for the model itself, and additionally for each
vector embedding. For the model weights for RETFound and DERETFound take up 3.68GB each
as shared by their original authors. However, we observe that this includes the image decoder
and optimizer states, both of which are only used during training and not necessary in
downstream use. The optimizer states are especially expensive as they contain one value for
each parameter of the foundation model. By removing both of those and only leaving the
weights of the foundation models themselves, we can optimise their file size to 1.12GB, a
reduction of 58%. We use this optimised version for comparison to be maximally fair. RETFound-
Green takes up 83.8MB, which we round up to 0.09GB.
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RETFound and DERETFound have a vector embedding feature dimension of 1,024, RETFound-
Green’s dimension is only 384 and thus its vector embeddings require 2.67x less storage space.
Storing 1 million embeddings would take about 39.1GB for RETFound and DERETFound, and
14.6GB for RETFound-Green without any compression, storing standard 32-bit floats.

Evaluation metrics and statistical analysis

We focus on the Area Under the Receiver Operator Characteristic curve (AU-ROC), a widely
used ranking metric that summarises sensitivity and specificity across all possible decision
thresholds. That makes the AU-ROC preferable for general comparisons over metrics that
require binarization of predictions as it captures more information.

A common claim in the literature is that for datasets with class imbalance, the Area Under the
Precision Recall curve (AU-PR) should be preferred. However, this not well supported by
evidence, as discussed in recent work by McDermott et al. [46] who further show theoretically
and empirically that AU-ROC is robust to class imbalance, while selecting models using AU-PR
can lead to disparities across subpopulations. In their conclusion they explicitly state that the
AU-ROC might be desirable in domains like healthcare, while AU-PR might not be reliable “in
settings where equity and fairness are imperative”. Thus, we focus on the AU-ROC in this work.

To ensure robustness of metrics and calculate p-values for model comparisons, we first
bootstrap the test set 100 times, compute the AU-ROC for each sample, and then report the
median value. This captures uncertainty over different test set distributions and ensure that our
metrics are not unduly influenced a few individual samples. We note that Logistic Regression
with weight penalty has a unique solution up to tiny differences due to floating point precision
and is thus deterministic, so there is no uncertainty in the model fitting procedure.

We then do a Wilcoxon signed-rank test across all 100 bootstrap AUC values between the best
and second-best methods to test whether the two methods have non-equal performance [47],
[48]. We use the same 100 test set bootstrap samples for both methods so we can do a paired
comparison. The Wilcoxon test is a non-parametric alternative to a paired t-test.

Statistical comparisons of classifiers are a complex topic and frequently subject to mistakes,
for example Wilcoxon is appropriate for classifier comparisons whereas a t-test is not [48].
Likewise, we intentionally do not provide confidence intervals here to avoid misinterpretation.
First, for non-normal data they tend to provide incorrect coverage [49]. Second, and more
crucially, the performance across the bootstrap samples for different methods are non-
independent as the variance in performance is driven by the sampling. Thus, overlapping
confidence intervals do not imply non-significant differences. If method A performs better than
method B for all or a great many of the individual bootstrap samples, then we should conclude
that A is better than B, even if A’s advantage over B is small relative to the variance between
bootstrap samples. This is what the Wilcoxon test captures.



Model and code availability

We share the trained RETFound-Green model, as well as model, training and evaluation code on
our GitHub: https://github.com/justinengelmann/RETFound_Green

Data availability

All datasets used in this manuscript are publicly available. We further make our code, model,
and additional information to aid reproducibility available on our GitHub.

AIROGS dataset: https://zenodo.org/records/5793241

DDR dataset: https://github.com/nkicsl/DDR-dataset

ODIR-2019 dataset (registration required): https://odir2019.grand-challenge.org/Download/

BRSET dataset (registration required): https://physionet.org/content/brazilian-
ophthalmological/1.0.0/

IDRID dataset: https://ieee-dataport.org/open-access/indian-diabetic-retinopathy-image-
dataset-idrid
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