


tion types and lack a unified framework to handle composite
degradation problems simultaneously. Furthermore, large
scales of whole slide images (WSIs) make previous mod-
els hard to efficiently restore high-resolution pathological
images, as they require substantial computational resources
and memory [42]. These limitations highlight the need for
more robust and versatile solutions tailored to the unique
challenges of pathological image restoration.

To address the aforementioned challenges, we propose
a Conditional Visual Autoregressive Model for patholog-
ical image restoration, termed CVARPath. Our approach
explores next-scale prediction in pathological images to
capture dependencies between image tokens and condition
tokens within pathological images using a new attention
mask strategy. By modeling the autoregressive relation-
ships across different scales, our method effectively cap-
tures the hierarchical structure in pathological tissues, en-
abling high-quality restoration of degraded images. To ac-
celerate the development of latent variable models in the
field of pathological image generation, we introduce a con-
trastive learning-based pre-training strategy for the initial
encoder. This pre-training phase pulls in the quantized fea-
tures between the degraded pathological images and orig-
inal high-quality images to learn robust and generalizable
representations, enhancing the model’s ability to handle
diverse degradation types and improve restoration perfor-
mance. The key contributions of our work are as follows:
• We propose a conditional visual autoregressive model for

pathological image restoration, which firstly introduces
the next-scale prediction for pathological images. A pro-
posed new attention mask matrix makes it possible to gen-
erate large-scale pathological images and preserve fine-
grained details simultaneously under the guidance of the
degraded images.

• We provide a quantified encoder network for the patho-
logical image generation community, which has learned
the consistent sparse vocabulary tokens between origi-
nal and degraded pathological images via self-supervised
contrastive learning, enhancing the model’s ability to han-
dle diverse degradation types and improve restoration per-
formance.

• We conduct experiments on multiple pathological im-
age datasets, demonstrating that our method outperforms
state-of-the-art approaches in terms of both quantitative
metrics and visual quality.

2. Related Works

2.1. Pathological Image Processing

Pathological image processing [7, 17, 32] has garnered sig-
nificant attention in recent years due to its critical role in
medical diagnosis and research. Recent advancements in
deep learning have affected this field, with GANs being

employed to improve image quality [34], reconstruct re-
gions of interest [46], and even classify pathological con-
ditions. For instance, GANs have shown promise in gen-
erating high-quality synthetic pathological images for data
augmentation and training purposes [28]. However, train-
ing GANs can be unstable and computationally expensive,
often requiring careful hyperparameter tuning and signifi-
cant computational resources, while these networks show
the drawback of capturing the cell structure and variability
of real pathological images. There is a pressing need for
more robust and efficient approaches that can better handle
pathological images.

2.2. Image Restoration

Image restoration [15, 27, 41, 44] is a well-studied problem
in computer vision, aiming to recover high-quality images
from degraded observations. Common degradation types
include noise, blur, and compression artifacts. Traditional
restoration methods, such as Wiener filtering and total vari-
ation minimization, have been largely superseded by data-
driven approaches, particularly deep learning-based meth-
ods. CNNs, recurrent neural networks (RNNs), and more
recently, transformers, have been employed to tackle vari-
ous restoration tasks, including denoising, deblurring, and
super-resolution. Notable works include BSRGAN [10],
SwinIR [27], and DiffBIR [29] for different types of degra-
dation. These methods leverage large datasets and power-
ful neural architectures to learn complex mappings between
degraded and clean images, achieving state-of-the-art per-
formance in many benchmarks.

2.3. Visual Autoregressive Modeling

Autoregressive models have a long history in sequential
data modeling, particularly in natural language processing
(NLP) [1, 12, 45] and time series analysis [9, 30]. In the vi-
sual domain, autoregressive models have been adapted to
generate and restore images by modeling the conditional
distribution of each pixel given its predecessors. Pixel-
RNN [40] and PixelCNN [39] are pioneering works in this
area, demonstrating the potential of autoregressive models
for high-quality image generation. Recently, VAR [37] in-
troduces next-scale prediction, a hierarchical method gen-
erating content across multiple scales from coarse to fine,
capturing visual information at multiple resolutions. MAR
[26] proposes to model the per-token probability distribu-
tion using a diffusion procedure, which applies autoregres-
sive models in a continuous-valued space. Autoregressive
models have shown significant promise in imaging model-
ing, particularly in tasks like image generation and restora-
tion. However, methods such as next-scale prediction[37],
face challenges in controlling the generation from coarse to
fine scales to achieve pixel-level precision.
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