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Abstract

Autoregressive models have achieved notable success in image generation, owing
to their strong sequential modeling capabilities, flexible generative control, and
excellent scalability across diverse visual tasks. Motivated by these advantages,
we adopt an autoregressive approach to synthesize color fundus images. In par-
ticular, our method generates color fundus photographs for both healthy individ-
uals and patients with moderate to severe non-proliferative diabetic retinopathy.

To assess the quality of the synthesized images, we compute the Fréchet Incep-
tion Distance (FID), obtaining scores of 40.14 for healthy fundus photographs
and 41.21 for pathological fundus photographs. These results indicate that our
approach outperforms a widely used diffusion-based model.
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Autoregressive models have demonstrated considerable success in image gen-
eration, attributed to their robust sequential modeling capabilities, flexible
generative control, and strong scalability across diverse visual tasks. Moti-
vated by these advantages, we adapted this approach to synthesize color fun-
dus photographs. Specifically, our algorithm generates color fundus images
of both healthy subjects and patients diagnosed with moderate to severe non-
proliferative diabetic retinopathy. To evaluate the quality of the generated
images, we computed the Fréchet Inception Distance score, achieving 40.14
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for healthy fundus photographs and 41.21 for pathological fundus photographs.
These results demonstrate superior performance compared to a widely-used dif-
fusion model.

Keywords: image synthesis, autoregressive model, color fundus image, non-
proliferative diabetic retinopathy

1 Introduction

The synthesis of high-quality medical images has emerged as a critical research
direction in computational ophthalmology, addressing fundamental challenges
in data scarcity, privacy preservation, and algorithmic development [?, ?]. Color
fundus photography, as a non-invasive and widely accessible diagnostic modality,
serves as the cornerstone for screening and monitoring various retinal patholo-
gies, particularly diabetic retinopathy (DR) [?, ?].

However, the acquisition of large-scale, well-annotated fundus image datasets
remains constrained by multiple factors, including patient privacy concerns, the
requirement for expert annotation, and the inherent imbalance in disease preva-
lence [?, ?]. These limitations have motivated substantial interest in genera-
tive modeling approaches capable of producing realistic synthetic fundus pho-
tographs.

Recent advances in deep generative models have demonstrated remarkable capa-
bilities in natural image synthesis, with diffusion models emerging as the domi-
nant paradigm [?, ?]. These models have achieved state-of-the-art performance
across various benchmarks by iteratively denoising random noise into coherent
images. In the medical imaging domain, diffusion-based approaches have been
explored for fundus photograph generation, showing promising results in captur-
ing retinal structures [?]. Despite their success, diffusion models present certain
practical limitations, including substantial computational requirements during
inference, complex training dynamics, and the absence of explicit sequential
modeling that could facilitate fine-grained control over image generation [?, ?].

Concurrently, autoregressive (AR) models have experienced a renaissance in vi-
sual generation, driven largely by their unprecedented success in large language
models (LLMs) [?, ?]. The fundamental “next-token prediction” paradigm that
powers LLMs has been successfully adapted to image synthesis through discrete
visual tokenization [?, ?]. Recent work has demonstrated that vanilla autoregres-
sive models, without vision-specific inductive biases, can achieve competitive or
superior performance compared to diffusion models when properly scaled [?].
These models offer several compelling advantages: they leverage the mature
ecosystem of LLM optimization techniques, provide explicit sequential genera-
tion control, and demonstrate favorable scaling properties [?, ?].

Building upon these developments, we investigate the application of autoregres-
sive models for synthesizing color fundus photographs. Our approach utilizes
the LlamaGen architecture [?], which has shown strong performance on natural
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images, to generate color fundus images. We specifically target the generation
of both healthy fundus photographs and images exhibiting moderate to severe
non-proliferative diabetic retinopathy (NPDR), representing clinically signifi-
cant pathological variations. Through systematic evaluation using the Fréchet
Inception Distance (FID) metric, our method achieves scores of 40.14 for healthy
images and 41.21 for pathological images, demonstrating substantial improve-
ments over established diffusion-based approaches [?].

The contributions of this work are threefold. First, we demonstrate that autore-
gressive models can effectively synthesize high-quality fundus photographs with-
out requiring domain-specific architectural modifications. Second, we show that
AR-based generation can capture both normal retinal anatomy and pathological
features associated with diabetic retinopathy with superior fidelity compared to
diffusion models. Third, we provide empirical evidence that computational effi-
ciency and controllability advantages of AR models translate effectively to the
medical imaging context. These findings suggest that autoregressive approaches
represent a promising direction for medical image synthesis, potentially bridg-
ing the gap between advances in natural language processing and clinical image
generation.

2.1 Generative Models for Medical Image Synthesis

The application of generative models to medical imaging has evolved signifi-
cantly over the past decade. Early approaches primarily relied on Generative
Adversarial Networks (GANSs) [?, 7], which demonstrated the capability to syn-
thesize realistic medical images across various modalities. In ophthalmology,
GAN-based methods have been employed to generate fundus photographs for
data augmentation [?] and to simulate disease progression [?]. However, GANs
are notorious for training instability, mode collapse, and the challenge of bal-
ancing the discriminator-generator dynamics [?].

The emergence of diffusion models marked a paradigm shift in image genera-
tion [?, ?]. Denoising Diffusion Probabilistic Models (DDPMs) [?] and their
variants have achieved state-of-the-art results in natural image synthesis by
learning to reverse a gradual noising process. The improved DDPM (iDDPM)
[?] introduced learned variance schedules and hybrid training objectives, fur-
ther enhancing image quality and log-likelihood. In medical imaging, diffusion
models have shown promise for various tasks including image reconstruction [?],
super-resolution [?], and synthesis [?].

Specifically for fundus photography, recent work has demonstrated that DDPMs
can generate synthetic retinal images that capture both anatomical structures
and pathological features [?]. Despite these achievements, diffusion models typi-
cally require hundreds of denoising steps during inference, leading to substantial

computational costs that may limit their practical deployment in clinical settings
7, 7].
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2.2 Autoregressive Models for Visual Generation

Autoregressive models have a long history in sequence modeling, achieving re-
markable success in natural language processing [?, ?]. The core principle of
predicting the next token given previous context has proven to be a powerful
and scalable approach. The adaptation of this paradigm to visual generation be-
gan with Vector Quantized Variational AutoEncoders (VQ-VAE) [?], which dis-
cretize continuous image pixels into learnable codebook entries. Building upon
this foundation, models such as VQGAN [?] improved image quality through
adversarial training and perceptual losses.

The integration of transformer architectures [?] with discrete visual representa-
tions led to significant advances. DALL-E [?] demonstrated that autoregressive
transformers could generate diverse images from textual descriptions by treat-
ing both text and image tokens uniformly. Subsequent work including Parti
[?] and Make-A-Scene [?] further explored the scalability and controllability of
AR-based image generation. However, these early models often incorporated
vision-specific inductive biases and architectural modifications, making it un-
clear whether vanilla autoregressive approaches could achieve competitive per-
formance.

Recent developments have challenged this assumption. LlamaGen [?] demon-
strated that applying the original “next-token prediction” paradigm of large
language models directly to visual generation, without specialized architectural
adaptations, can achieve state-of-the-art performance when properly scaled.
This work showed that vanilla AR models outperformed established diffusion
models like LDM [?] and DiT [?] on ImageNet benchmarks. The key enablers
included improved image tokenizers with lower reconstruction error, better
scalability properties through architecture choices borrowed from LLMs [?, 7],
and optimized inference through LLM serving frameworks [?].

Alternative approaches to AR-based visual generation have emerged. Masked
generative models such as MaskGIT [?] and MAGVIT [?] employ bidirectional
attention and iterative decoding, deviating from the strictly unidirectional gen-
eration of traditional AR models. The recently proposed Visual Autoregressive
modeling (VAR) [?] introduces a coarse-to-fine “next-scale prediction” paradigm,
achieving superior performance on ImageNet generation. However, these meth-
ods incorporate vision-specific modifications that distinguish them from the pure
next-token prediction approach.

2.3 Fundus Photograph Synthesis with Diffusion Models

The application of diffusion models to fundus photograph synthesis has been
explored in recent work [?]. This study investigated the feasibility of using
DDPMs for generating fundus images with a relatively small dataset of 1,000
healthy retinal images. The authors trained models at 128 x 128 resolution and
compared performance against Progressive Growing GAN (PGGAN) [?]. While
DDPMs successfully generated synthetic fundus photographs without mode col-
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lapse, the study revealed several limitations when working with limited data: the
models required extensive training time (approximately 250 hours for 128 x 128
images), produced relatively blurred anatomical features compared to GANs,
and achieved inferior FID scores (65.605) compared to PGGAN (41.761). The
authors concluded that diffusion models need larger datasets and computational
resources to achieve competitive performance in domain-specific medical imag-
ing tasks.

These findings highlight a critical gap: while diffusion models have shown strong
performance on large-scale natural image datasets, their effectiveness on smaller,
domain-specific medical imaging datasets remains limited. This observation mo-
tivates the exploration of alternative generative approaches that may offer better
sample efficiency and computational tractability for medical image synthesis.

2.4 Synthesis of Diabetic Retinopathy Images

Generating synthetic images of pathological conditions presents additional chal-
lenges beyond normal anatomy. For diabetic retinopathy, the key pathologi-
cal features include microaneurysms, hemorrhages, exudates, and cotton-wool
spots, which vary in size, location, and severity [?, ?]. Previous work has ex-
plored GAN-based approaches for synthesizing DR images [?, ?], but achieving
realistic lesion characteristics while maintaining overall image coherence remains
challenging. The ability to generate high-quality pathological images has signif-
icant implications for developing robust diagnostic algorithms, particularly for
rare or severe disease stages where real data is scarce [?, ?].

3.1 Overview

Our approach for synthesizing color fundus photographs follows a two-stage
pipeline that has proven effective in autoregressive image generation [?]. The
first stage involves training an image tokenizer that converts continuous pixel
representations into discrete visual tokens. The second stage trains an autore-
gressive transformer model to generate these tokens conditioned on class labels.
Figure 1 [Figure 1: see original paper] illustrates the overall architecture of our
method.

3.2 Dataset

We utilized the OIA-DDR dataset [?], a publicly available collection of color fun-
dus photographs annotated for diabetic retinopathy severity. From this dataset,
we constructed a binary classification scheme suitable for conditional image gen-
eration. The first class comprised all healthy fundus images, totaling 6,266 sam-
ples. The second class combined moderate and severe non-proliferative diabetic
retinopathy (NPDR) cases, yielding 4,713 samples. This grouping strategy was
motivated by the clinical similarity between moderate and severe NPDR stages,
both representing significant pathological progression that warrants close mon-
itoring [?, ?].
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The dataset was partitioned following standard practices in machine learning
evaluation. Approximately 50% of the data was allocated to training (3,133
healthy images and 2,356 pathological images), 20% to validation (1,253 healthy
and 942 pathological), and 30% to testing (1,880 healthy and 1,415 pathological).
Table 1 summarizes the dataset composition.

3.3 Image Preprocessing

Fundus photographs exhibit considerable variation in aspect ratio and field of
view depending on the imaging device and acquisition protocol [?]. To ensure
consistent input dimensions while preserving the circular region of interest con-
taining retinal structures, we applied a center-cropping strategy. Specifically,
each image was first cropped to extract the maximum inscribed square from
its center, eliminating peripheral black borders that typically surround fundus
images. The cropped images were subsequently resized to 256 x 256 pixels us-
ing bilinear interpolation. This resolution represents a practical compromise
between computational efficiency and the preservation of clinically relevant de-
tails such as microaneurysms and small hemorrhages [?, ?]. All images retained
three color channels (RGB), as color information is diagnostically significant in
fundus photography for identifying features such as exudates and hemorrhages

7).

3.4 Image Tokenization

The image tokenizer serves as the critical bridge between continuous pixel space
and the discrete token space required by autoregressive models [?, ?]. We em-
ployed a vector-quantized autoencoder architecture following the design princi-
ples established in recent work [?].

3.4.1 Architecture

The tokenizer consists of an encoder network, a vector quantization module, and
a decoder network. The encoder transforms input images into a spatial feature
map through a series of convolutional layers with downsampling operations.
We utilized a downsampling ratio of 8, meaning that a 256 x 256 input image
produces a 32 x 32 feature map. Each spatial position in this feature map is
then mapped to its nearest neighbor in a learned codebook, yielding a grid of
1,024 discrete tokens per image.

The codebook was configured with 16,384 entries, each represented by an 8-
dimensional embedding vector. This configuration follows recommendations
from prior studies demonstrating that lower-dimensional codebook vectors com-
bined with larger codebook sizes yield superior reconstruction quality and code-
book utilization [?, ?]. The {y-normalization was applied to codebook vectors
to stabilize training and improve convergence [?].
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3.4.2 Training Objective

The tokenizer was trained using a combination of reconstruction and adversarial
losses. The reconstruction objective comprised a pixel-wise ¢, loss and a percep-
tual loss computed using LPIPS [?], which measures feature-level similarity in
a pretrained VGG network. An adversarial loss from a PatchGAN discrimina-
tor [?] was incorporated to enhance the sharpness and realism of reconstructed
images. The commitment loss [?] was included to encourage encoder outputs
to remain close to their assigned codebook entries, with a weighting factor of
0.25. The adversarial loss was weighted at 0.5 and activated after 20,000 train-
ing iterations to allow the autoencoder to first learn basic reconstruction before
refining perceptual quality.

We utilized a pretrained tokenizer model that had been trained on ImageNet
[?], leveraging transfer learning to adapt to the fundus image domain. This
approach is justified by the observation that low-level visual features learned
from natural images often transfer well to medical imaging tasks [?, ?].

3.5 Autoregressive Generation Model
3.5.1 Architecture

The autoregressive generation model follows the Llama architecture [?], which
has demonstrated strong scalability in language modeling tasks. This design
choice enables direct adoption of optimization techniques developed for large
language models without requiring vision-specific modifications. The model em-
ploys several architectural components that have proven effective in transformer-
based language models.

Pre-normalization using RMSNorm [?] is applied before each attention and feed-
forward layer, providing training stability. The SwiGLU activation function [?]
replaces the standard GELU or ReLU in feed-forward networks, offering im-
proved gradient flow. Rotary positional embeddings (RoPE) [?] encode position
information directly into the attention mechanism. For image generation, we
extended RoPE to two dimensions to capture the spatial structure of image
tokens, following established practices [?, ?].

We employed the GPT-XL configuration, comprising 36 transformer layers, a
hidden dimension of 1,280, and 20 attention heads, yielding approximately 775
million parameters. This model size was selected based on the dataset scale and
available computational resources, following scaling law observations suggesting
that model capacity should be matched to training data volume [?, ?].

3.5.2 Conditional Generation

Class-conditional generation was implemented by prepending a learnable class
embedding to the sequence of image tokens [?, ?]. The model learns to generate
image tokens autoregressively, with each token prediction conditioned on the
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class label and all previously generated tokens. To enable classifier-free guid-
ance [?] during inference, we randomly replaced the class condition with a null
embedding during training with probability 0.1. This technique allows trad-
ing off sample diversity for fidelity at generation time by interpolating between
conditional and unconditional predictions.

3.5.3 Training Procedure

Prior to training the autoregressive model, we extracted discrete codes for all
training images using the pretrained tokenizer. This preprocessing step signifi-
cantly accelerates training by eliminating the need for repeated forward passes
through the tokenizer during each epoch [?]. The extracted codes were stored
as NumPy arrays along with their corresponding class labels.

The model was trained using the AdamW optimizer [?] with 8; = 0.9, 8, = 0.95,
and a weight decay of 0.05. Gradient clipping with a maximum norm of 1.0 was
applied to prevent training instability. The learning rate was set to 1 x 1074,
We employed mixed-precision training using bfloat16 format to reduce mem-
ory consumption and accelerate computation on modern GPU architectures [?].
Dropout regularization was applied at multiple points in the architecture: to-
ken embedding dropout (0.1), attention dropout (0.1), and feed-forward network
dropout (0.1). These regularization strategies help prevent overfitting, which is
particularly important given the relatively modest size of our training dataset
compared to natural image benchmarks.

Training was conducted using distributed data parallelism across multiple GPUs.
For models exceeding single-GPU memory capacity, we employed Fully Sharded
Data Parallelism (FSDP) [?], which distributes model parameters, gradients,
and optimizer states across devices. The global batch size was set to 32, dis-
tributed across available GPUs. Training proceeded for 300 epochs, with check-
points saved at regular intervals for evaluation.

3.5.4 Inference

During inference, image tokens were generated autoregressively starting from
the class embedding token. At each step, the model predicts a probability distri-
bution over the codebook, and the next token is sampled from this distribution.
We employed nucleus sampling (top-p) [?] with p = 1.0 and temperature = 1.0
as the default configuration, following recommendations for maintaining sample
diversity [?].

Classifier-free guidance was applied during inference to enhance image quality.
The guided logit was computed as a weighted combination of conditional and
unconditional predictions, with higher guidance scales producing sharper but
potentially less diverse samples. We experimented with guidance scales ranging
from 1.0 to 4.0. The generated token sequences were decoded through the
tokenizer decoder to produce final RGB images at 256 x 256 resolution.
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3.6 Evaluation Metrics

We adopted the FID [?] as the primary metric for assessing the quality of gen-
erated fundus images. FID measures the distance between the feature distribu-
tions of real and generated images, computed using activations from a pretrained
Inception network. Lower FID values indicate greater similarity between gen-
erated and real image distributions. This metric has been widely adopted in
generative modeling and provides a reliable assessment of both image quality
and diversity [?, ?].

FID was computed separately for healthy and pathological image classes to as-
sess class-specific generation quality. For each class, we generated a number of
synthetic images equal to the test set size and computed FID against the corre-
sponding test set images. All FID calculations followed the standard protocol
for consistency with prior work [?].

3.7 Implementation Details

All experiments were conducted using PyTorch [?] on NVIDIA A100 GPUs. The
tokenizer utilized the VQ-GAN architecture with 8 x downsampling, producing
32 x 32 token grids from 256 x 256 input images. Model compilation was en-
abled using torch.compile to optimize runtime performance. Training logs and
checkpoints were managed systematically to ensure reproducibility.

Table 2 : Summary of key hyperparameters and architectural configurations.

Component Configuration
Image resolution 256 x 256
Tokenizer downsampling 8x

Tokens per image 1024 (32 x 32)
Codebook size 16,384
Codebook dimension 8

Model architecture GPT-XL
Transformer layers 36

Hidden dimension 1,280
Attention heads 20

Learning rate 1x 107
Weight decay 0.05

Batch size 32

Training epochs 300

Dropout rate 0.1

CFG dropout 0.1
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4 Results
4.1 Quantitative Evaluation

We evaluated the performance of our autoregressive approach against the im-
proved Denoising Diffusion Probabilistic Model (iDDPM) [?] using FID as the
primary metric. Table 3 summarizes the quantitative results for both healthy
and pathological fundus image generation.

Table 3: FID scores comparing the proposed autoregressive method with iD-
DPM for fundus image synthesis. Lower values indicate better performance.

Our method
Category (AR) [7] iDDPM [7] Improvement
Healthy fundus 40.14 78.20 48.7%
images
Pathological 41.21 74.19 44.5%

fundus images
(Moderate-Severe
NPDR)

Our autoregressive model achieved substantially lower FID scores across both
image categories. For healthy fundus photographs, the proposed method at-
tained an FID of 40.14 compared to 78.20 for iDDPM, representing a relative
improvement of 48.7%. Similarly, for pathological images depicting moderate
to severe NPDR, our approach achieved an FID of 41.21 versus 74.19 for the
diffusion-based baseline, corresponding to a 44.5% reduction in FID.

These results demonstrate that the autoregressive paradigm provides meaning-
ful advantages over diffusion models in this medical imaging context. The per-
formance gap was consistent across both healthy and pathological categories,
suggesting that the benefits of autoregressive generation extend to images with
complex pathological features such as microaneurysms, hemorrhages, and exu-
dates characteristic of diabetic retinopathy [?, ?].

4.2 Qualitative Evaluation

Visual inspection of the generated samples revealed appreciable differences be-
tween the two approaches. Images synthesized by our autoregressive model
generally exhibited sharper appearance and more coherent structural details
compared to those produced by iDDPM. The retinal vasculature, optic disc
boundaries, and overall image contrast appeared more clearly defined in the
autoregressive outputs. For pathological images, the lesion features associated
with diabetic retinopathy were rendered with better clarity by our method. In
contrast, the diffusion model tended to produce outputs with somewhat blurred
details and reduced sharpness across anatomical structures. These qualitative
observations are consistent with the quantitative FID improvements reported
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above, suggesting that the autoregressive paradigm offers advantages in preserv-
ing fine-grained visual details during fundus image synthesis.

Figure 2 [Figure 2: see original paper|: Visual comparison of synthesized fundus
photographs. Top row: healthy fundus images. Bottom row: pathological
fundus images with moderate to severe NPDR. Left panels in each row show
results from the proposed autoregressive method; right panels show results from
iDDPM.

5 Conclusions

This study investigated the application of autoregressive models for synthesizing
color fundus photographs, demonstrating their effectiveness in generating both
healthy retinal images and pathological images exhibiting moderate to severe
non-proliferative diabetic retinopathy. Our approach, built upon the Llama-
Gen architecture, achieved FID scores of 40.14 for healthy fundus images and
41.21 for pathological images, representing improvements of 48.7% and 44.5%
respectively compared to the improved DDPM baseline.

The results suggest several practical implications. The autoregressive paradigm
offers a viable alternative to diffusion models for medical image synthesis, par-
ticularly when computational efficiency during inference is a consideration. The
ability to generate pathological images with comparable quality to healthy
images indicates that the sequential token prediction mechanism can capture
disease-specific features such as microaneurysms and hemorrhages without re-
quiring specialized architectural modifications.
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