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Abstract

This report discusses an internship project at Optina Diagnostics focused on the generation of high-resolution,
synthetic hyperspectral retinal images. The primary aim is to enhance self-supervised learning in retinal
ophthalmology, addressing the challenge of labeled data scarcity. By augmenting Optina’s dataset of both
labeled and unlabeled hyperspectral retinal images with these synthetic images, we aim to improve the
efficacy of the Momentum Contrast (MoCo) pretraining pipeline. This approach is anticipated to enrich
the self-supervised learning process, leveraging the full potential of the dataset. The ultimate objective is
the improved classification of amyloid-β in retinal images, a biomarker linked to Alzheimer’s disease, thus
advancing Optina’s overarching goals in medical imaging and disease detection.

The project used latent diffusion models (LDMs), inspired by ’Medical Diffusion’ by Khader et al. It
began with lower-resolution images (224 x 224 x 16) due to computational limits, later progressing to higher
resolutions (672 x 672 x 16). The study meticulously evaluated the synthetic images’ quality, diversity, and
authenticity. Spatial quality was measured using a modified hyperspectral Fréchet Inception Distance (FID)
score, and spectral quality through Kullback-Leibler (KL) divergence, focusing on key ocular structures.
Image diversity was assessed with the Multi-Scale Structural Similarity Index (MS-SSIM), and authenticity
by comparing synthetic images to their nearest neighbors in the training set.

A key part of the research was comparing VQ-GAN and VQ-VAE autoencoders within the LDMs, with
VQ-GAN showing better performance. This led to a detailed hyperparameter tuning of the VQ-GAN-based
LDM. The best configuration had a compression factor of 8, an 8-channel latent space, and a 1024-vector
codebook. The use of larger diffusion U-Nets also improved performance. For larger image formats, the
model transitioned to instance normalization over batch normalization due to computational constraints.
The high performance of the optimized model was evident from a hyperspectral FID score of 6.086 and an
MS-SSIM score of 0.468.

This project marks a leap in self-supervised learning at Optina Diagnostics, demonstrating the potential
of synthetic images in enhancing amyloid-β classification algorithms and inspiring future advancements in
medical imaging.
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factorized as p� (x; z) = p(z)p� (xjz), comprising a prior distribution over the latent space, p(z),
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3.2 Depiction of the fundamental operational mechanism of GANs. The objective is to train a
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3.3 Illustration of the Denoising Di�usion Probabilistic Model (DDPM) adapted from Lilian Weng's
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3.4 Algorithms adapted from the DDPM paper by Ho et al. [25], illustrating the utilization of a

simpli�ed loss for training the DDPM (left) and showcasing how the sampling algorithm bears

resemblance to Langevin dynamics (right). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.5 Illustration of the VQ-VAE model, directly taken from the seminal work of Van Den Oord et

al. [69]. This visualization highlights the straight-through gradient estimator, which allows

for backpropagation through non-di�erentiable operations. The �gure underscores the nearest
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such ase1, e2, and so forth. The depicted gradient, r zL, guides re�nements in the encoder,

possibly leading to varied nearest neighbor allocations in subsequent iterations. . . . . . . . . . . . . . . . . . 32

3.6 Illustration of the VQ-GAN model, directly taken from the paper by Esser et al. [12]. As

with VQ-VAE, a convolutional VQGAN is used to establish a codebook of context-rich visual

components. By integrating a patch-based discriminator, the model ensures e�cient compression

while maintaining perceptual quality. Whereas the VQ-VAE model employs PixelCNN to learn the

exact prior distribution of the codebook vectors during its second stage of training, the VQ-GAN

utilizes a transformer architecture for the same purpose. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.7 Adapted schematic representation from Rombach et al. [54]. In this depiction, the autoencoder

utilized is a VQ-GAN, where the decoder D incorporates both the quantization step and the

decoding process, as detailed in Figure 3.6. The model accommodates conditioning inputs through

two mechanisms: either by concatenating them with the Gaussian input supplied to the di�usion

module or via cross-attention mechanisms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.8 Schematic depiction from the work of Stein et al. [64], illustrating the various success and failure

modes of a generative model alongside an illustration of learned distributions and samples (denoted

by orange crosses) exhibiting di�erent properties compared to the true distribution and training set

(denoted by blue squares). Italicized text delineates metrics purported to detect these properties.

High �delity refers to the congruence between synthetic images generated and the real distribution,

implying that the synthetic images could be plausible samples from the real distribution. High

diversity showcases the generative model's ability to produce varied samples, with the desired

outcome being a match in diversity between the generative model and the true distribution. The

failure mode of memorization occurs when the generative model regurgitates training data during

generation. Mode collapse is another failure mode where the model predominantly generates

samples from a speci�c mode of the distribution, neglecting other modes. Lastly, mode shrinkage

represents a failure mode in which the diversity within each mode generated by the model is

diminished compared to the true distribution. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.9 This �gure has been directly extracted from the work of Jung and Keuper. (Left) Color-coded

representation of Fréchet Inception Distances (FIDs) computed between 19 di�erent corruptions

applied to ImageNet validation images at 5 severity levels and their original counterparts. Both

the color intensity and circle size re�ect the magnitude of the observed FID across all corruptions

and severity levels. (Right) Illustrative examples showcasing various corruptions at severity level

5.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

10



4.1 Schematic representation adapted from the works of Esser et al. and Ho et al. of the Medical

Di�usion model for the synthesis of hyperspectral retinal images [12, 25]. The framework employs

a two-stage training approach: initially, a VQ-GAN autoencoder compresses images into compact

latent representations; subsequently, a di�usion model is trained to generate new latent spaces

from these representations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.2 Spatial Quality Evaluation Pipeline: For each image in the validation and synthetic hyperspectral

datasets,N random RGB slices are extracted to construct a pseudo-RGB dataset. This procedure

not only adapts the FID score for hyperspectral data but also mitigates bias from a limited dataset

size by e�ectively enlarging the sample pool. The FID score is then computed by obtaining feature

representations from an Inception V3 network and calculating the Fréchet distance between real

and synthetic features to evaluate image quality. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.3 Schematic of the Spectral Quality Evaluation Pipeline: The process involves segmenting images

from the synthetic and validation datasets to identify regions corresponding to arteries, veins,

and the ONH. The spectral distributions of these regions, parameterized as multivariate Gaussian

distributions, are compared. The KL divergence between the distributions from the validation

and synthetic datasets serves as the metric for the spectral quality of the synthetic images, with

separate KL-divergence values calculated for the veins, arteries, and ONH. . . . . . . . . . . . . . . . . . . . . . . 46

4.4 Diversity Evaluation Pipeline: This �gure illustrates the MS-SSIM implementation used for

assessing image diversity. The process entails down-sampling the images by a factor of 2 at each

successive scale, with the computation of structural similarity at each of the �ve resolutions. The

weights for these resolutions, as established in the original MS-SSIM model by Wang et al. [72],

are assigned in a descending order corresponding to the resolutions, ranging from 0.0448 to 0.1333. 47

4.5 Memorization Risk Assessment Pipeline: Synthetic images and the entire training set are processed

through the MoCo-pretrained ResNet-50 model. Feature maps are extracted, followed by nearest

neighbor retrieval using the Spotify Annoy algorithm [41], facilitating an e�cient memorization

risk evaluation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

5.1 Visualization of the synthetic results from the latent space size experiments detailed in Tables 5.5

and 5.6. This �gure, focusing exclusively on synthetic images, omits reconstruction results and

presents �ve plots. These plots illustrate key metrics: Hyperspectral FID score, absolute di�erence

between validation and synthetic MS-SSIM, and Spectral KL-Divergence for veins, arteries, and

the Optical Nerve Head (ONH), plotted against the model's sampling speed (images per second)

on an NVIDIA A40 GPU. The architecture employs a VQ-GAN with a 1024-vector codebook and

a three-level Di�usion U-Net, incorporating K-Means clustering in the VQ-GAN training phase.

The experiments varied latent space sizes (compression factors of 16, 8, 4), the number of input

channels in the latent image (8, 32, 256), and the base number of channels (128, 256, 512) in

the DDPM. A Pareto front is evident across all metrics, indicating a trade-o� between sampling

e�ciency and both spectral and spatial quality. Notably, quality improvements beyond models

using a U-Net with 512 base channels and a compression factor of 8 are minimal, despite a marked

11



decrease in sampling e�ciency. Furthermore, models with these speci�c con�gurations exhibit

superior diversity compared to other models. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.2 This �gure displays six synthetic images generated by the optimal model with a resolution of

672Ö672x16 pixels. Arranged from left to right, these images showcase the extraction of spectral

data across eight speci�c wavelengths, enumerated from top to bottom as follows: 900 nm, 815

nm, 730 nm, 640 nm, 555 nm, and 465 nm. A comparison with the real images shown in �gure

2.1 reveals that the synthetic images are almost indistinguishable from the real ones to the human

eye, demonstrating the model's high level of realism. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

5.3 Presented here are 36 hyperspectral images generated by the optimal model, subsequently projected

to RGB for ease of visualization. The diversity observed in these images, including varied shades

and the presence or absence of a visible choroid, suggests a low likelihood of mode collapse in

the model. This variety indicates the potential utility of this synthetic dataset for augmenting

self-supervised learning datasets, enhancing their richness and diversity. . . . . . . . . . . . . . . . . . . . . . . . . . 58

5.4 This �gure displays the four nearest neighbors from the training set for �ve synthetic images, as

determined in the feature space of a MoCo-pretrained ResNet-50. While similarities between the

synthetic and training set images are observable, indicating inspiration from the training data,

there is no clear evidence of direct memorization. For con�dentiality and compliance with HIPAA

regulations, patient identi�ers in the training set images have been obscured in this report. . . . . . . 59

5.5 Illustration of Spectral Signatures: Comparative Analysis of Synthetic and Validation Image

Datasets. This �gure presents a detailed comparison of spectral signatures, highlighting the eye

structures of interest including veins, arteries, and the optical nerve head (ONH). . . . . . . . . . . . . . . . 60

A.1 Linear relationship between the hyperspectral FID and 1
N , illustrated using data points for

N = 1 ; 5; 10; 25; 50; 100; 200. The similarity in results between N = 100 and N = 200 suggests

that N = 100 is optimal for balancing reduced bias with reasonable computational time. . . . . . . . . 69

A.2 Illustration of the impact of post-processing on W-Net prediction precision. The raw segmentation

yields an overall precision of0:72 � 0:08, which is notably enhanced to0:87 � 0:07 through post-
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0:81� 0:11, respectively. These results underscore the e�ectiveness of post-processing in enhancing
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e�ectiveness of the MoCo-pretrained ResNet-50, especially when using the Manhattan distance, in

achieving a 65% recovery rate. The potential for enhanced performance with a MoCo-pretrained
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Chapter 1

Introduction

In this section, we provide the background needed to understand the research internship on the generation

of hyperspectral images taking place in the summer of 2023. We describe Optina Diagnostics, the company

hosting the internship, including its role in the �eld and the techniques it currently uses for analyzing retinal

images. We also give an overview of the internship, explaining its goals and how it �ts into Optina's AI

research ecosystem.

1.1. Company Description

Founded in March 2012, Optina Diagnostics is a Montreal-based medical technology �rm that specializes

in early-stage diagnosis of dementia and other neurological disorders. Central to the company's innovative

diagnostic methodology is its Retinal Deep Phenotyping platform, empowered by its proprietary Optina-

4CTM hyperspectral camera. The camera facilitates a rapid, non-invasive, and highly detailed examination

of retinal physiology through capturing images at 91 distinct wavelengths. The company has received FDA

Breakthrough Device designation for its platform, acquired 510(k) clearance for its hyperspectral camera,

and successfully raised $25.2 million USD in funding while expanding its team to over 40 members. In

December 2021, a pivotal study was initiated to speci�cally assess the e�ectiveness of the Retinal Deep

Phenotyping platform in diagnosing Alzheimer's Disease.

1.2. Current Methodologies and Challenges

Within the context of Optina Diagnostics, contemporary methods for predicting Alzheimer's from retinal

images have primarily been based on feature extraction and ensemble classi�ers such as random forests and

XGBoost. These methods have been developed and evaluated in-house to address the unique challenges posed

by Optina's specialized datasets. Concurrently, deep learning techniques are also under exploration within the

company. It is hypothesized that these deep learning techniques may eventually outperform the traditional

methods currently in use, although this is not guaranteed and remains an area of active investigation. An

impending in�ux of unlabeled images is set to arrive soon, presenting a signi�cant opportunity for deep

learning algorithms. Speci�cally, algorithms that employ self-supervised learning techniques stand to bene�t

by extracting robust and meaningful features from this new data. As such, Optina's Deep Learning division

embarked on a self-supervised learning project that uses Momentum Contrast (MoCo) [23]. To enhance

the self-supervised learning project, Optina's AI research team initiated an internship focused on exploring

generative methods for advanced data augmentation using synthetic images.



1.3. Internship Deliverables and Requirements

The primary objective of this internship is to develop a robust pipeline for generating and evaluating

synthetic hyperspectral retinal images, with the aim of enhancing the company's self-supervised learning

process. To align seamlessly with Optina Diagnostics' research and development goals, the internship features

a well-de�ned set of deliverables and requirements, as outlined below:

� Develop and implement a robust pipeline for training and evaluation of a hyperspectral retinal image

generation model. Assessing the quality of these synthetic images is both challenging and essential

for the project's success.

� Produce clean, maintainable code and make use of CI/CD tools to ensure the developed pipeline is

scalable and integrates smoothly into Optina's existing infrastructure.

� Clearly communicate analytical �ndings and technical solutions to internal and external stakeholders,

thereby informing future research avenues.

� Engage in active collaboration with the AI research team, sharing knowledge and technologies to

promote the project's comprehensive success.

� Conduct systematic analytical experiments and thoroughly document the �ndings to facilitate

Optina's future research.

In summary, these requirements are designed to ensure not only the successful completion of the intern-

ship project but also the reproducibility and reusability of the work by Optina's research team, facilitating

a seamless transfer of knowledge upon the project's completion.

1.4. Internship's Impact on Optina's Self-Supervised Learning Project

In line with Optina Diagnostics' overarching research objectives, the internship occupies a pivotal role,

with its primary focus on the generation of synthetic hyperspectral retinal images. These synthetic images

are a crucial component of a more extensive research project that utilizes the Momentum Contrast (MoCo)

self-supervised learning algorithm to achieve e�ective feature extraction from unlabeled retinal images [23].

Optina Diagnostics has accumulated an extensive database of labeled hyperspectral retinal images dedicated

to research purposes. Moreover, there is an anticipated in�ux of unlabeled retinal images, emphasizing the

urgency and opportunity in developing strategies that maximize the utility of both labeled and unlabeled

datasets.

The central aim of the internship is to facilitate the development of a pipeline for generating synthetic

hyperspectral images, which are intended to signi�cantly bolster the MoCo pretraining phase. These ar-

ti�cially generated images, while unlabeled, are designed to serve as advanced data augmentations. By

incorporating these synthetic images into the self-supervised learning framework, the objective is to enhance

the model's ability for e�ective feature capture during the MoCo pretraining stage. This serves as an essential

preparatory step before initiating the �ne-tuning phase of the project.

Once the MoCo pretraining phase has laid a robust foundation, the model will transition to the �ne-

tuning stage. During this stage, the pretrained model undergoes further optimization, focusing exclusively

on the labeled dataset to develop a specialized classi�er. The ultimate goal of this classi�er is to provide

a predictive measure that is correlated with the aggregation of amyloid� , a well-established biomarker

for Alzheimer's Disease. The comprehensive research initiative, which integrates retinal image synthesis,

Momentum Contrast (MoCo) pretraining, and model �ne-tuning, is depicted in Figure 1.1.
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(a) Internship: Hyperspectral Image Generation

(b) MoCo Pretraining
(c) Amyloid � Fine-Tuning

Fig. 1.1. Overview of the research project aimed at leveraging unlabeled hyperspectral retinal images
within the deep learning pipeline. (a) Focus of the internship: this �rst step involves generating synthetic
hyperspectral images using both unlabeled and labeled retinal images. (b) In the second step, Momentum
Contrast (MoCo) pretraining is performed on a neural network encoder, utilizing the unlabeled images along
with the labeled ones and the synthetic hyperspectral images as advanced augmentations. (c) The �nal step
consists of �ne-tuning the pretrained neural network encoder speci�cally for the task of Amyloid � biomarker
detection
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Chapter 2

Data

The retina serves as an invaluable data source due to its role as a component of the central nervous system

(CNS). Optina's hyperspectral camera captures a 3D image from each scan, represented by a high-resolution

1288x1288 matrix covering 91 wavelengths, ranging from 450 nm to 900 nm. The resulting hyperspectral

datasets o�er the potential to reveal subtle phenotypic changes associated with neurological and systemic

diseases.

Upon the initiation of the internship, Optina had assembled a development dataset consisting of 1427

volumes from 532 patients. Following quality control by Optina's data science team, the dataset was reduced

to 1374 images. This dataset was partitioned into four folds: three for training and validation and one for

testing. Additionally, a dataset acquired from the ongoing pivotal study is earmarked as the �nal test set

but was not used during the internship due to its designation for FDA approval procedures. Furthermore, an

auxiliary dataset comprised of unlabeled images was anticipated to be acquired at the end of the internship

period, underscoring the imperative for developing robust techniques for unsupervised or self-supervised

feature extraction.

During the internship, given the constraints of a small dataset, the substantial data requirements of

generative algorithms, and the high computational costs involved, along with the distinct nature of evaluation

metrics for generative models compared to those for classi�cation, a decision was made to utilize all three

training subsets for model training. Consequently, this approach allocated 1035 images for training and 339

images for validation. To ensure a testing dataset devoid of data leakage, it was resolved that newly acquired

images by Optina in the future would be used as a test dataset.

Figure 2.1 showcases six images from Optina's annotated dataset. In compliance with the Health Insur-

ance Portability and Accountability Act of 1996 (HIPAA) of the United States, which restricts the dissemina-

tion of sensitive health information, both patient identi�ers and labels have been obfuscated and the images

have been resized from an original resolution of 1288Ö1288 pixels to 672Ö672 pixels. Notwithstanding these

limitations, the images clearly illustrate a wealth of data. For instance, shorter wavelengths, particularly

around 555 nm, reveal a pronounced contrast between vascular structures and the surrounding tissue. In the

spectral interval spanning 640 nm to 730 nm, speci�c images, most notably the forth image from the left,

manifest a corrugated morphological pattern attributable to the underlying choroidal tissue. This visibility

is particularly pronounced in patients with lighter eye coloration, a phenomenon ascribed to reduced melanin

concentration within the choroidal layer [34]. Given these intricate hyperspectral characteristics, it is pos-

tulated that these images may serve as e�cacious biomarkers for Alzheimer's disease and other neurological

disorders.
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