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Abstract

Latent Diffusion Models (LDMs) can generate high-
fidelity images from noise, offering a promising approach
for augmenting histopathology images for training cancer
grading models. While previous works successfully gener-
ated high-fidelity histopathology images using LDMs, the
generation of image tiles to improve prostate cancer grad-
ing has not yet been explored. Additionally, LDMs face
challenges in accurately generating admixtures of multiple
cancer grades in a tile when conditioned by a tile mask.
In this study, we train specific LDMs to generate synthetic
tiles that contain multiple Gleason Grades (GGs) by lever-
aging pixel-wise annotations in input tiles. We introduce
a novel framework named Self-Distillation from Separated
Conditions (DISC) that generates GG patterns guided by
GG masks. Finally, we deploy a training framework for
pixel-level and slide-level prostate cancer grading, where
synthetic tiles are effectively utilized to improve the can-
cer grading performance of existing models. As a result,
this work surpasses previous works in two domains: 1) our
LDMs enhanced with DISC produce more accurate tiles in
terms of GG patterns, and 2) our training scheme, incor-
porating synthetic data, significantly improves the general-
ization of the baseline model for prostate cancer grading,
particularly in challenging cases of rare GG5, demonstrat-
ing the potential of generative models to enhance cancer
grading when data is limited.

1. Introduction

In recent years, Latent Diffusion Models (LDMs) [28, 30]
have emerged as a powerful tool in computational pathol-
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Figure 1. Stable Diffusion [30] produce a sheet of cells resembling
GG5 in GG3-indicated regions (top) and fused glands resembling
GG4 in Non-Cancer-indicated regions (bottom).

ogy for generating high-fidelity tiles for Whole Slide Im-
ages (WSIs). Synthetic histopathology images potentially
improve multiple downstream tasks, one of which is the
training of cancer grading models (please refer to Supple-
mentary Document for application overview). However, in
prostate cancer grading, the current utilization of LDMs re-
mains limited, as it does not effectively incorporate multi-
ple cancer grades into synthetic tiles. In prostate cancer,
the growth pattern of the cancer is used to define the can-
cer grade, which is named the Gleason grade. Pathologists
identify 5 different Gleason Grade (GG) groups to forecast
the severity of prostate cancer and likelihood of cancer pro-
gression. However, synthetic tiles generated by LDMs may
display incorrect Gleason grade patterns, or mistake benign
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Figure 2. Besides the real patches (top-left) for training pixel-level and slide-level Gleason grading models (right), we introduce Latent
Diffusion Models (LDMs) [30] with Self-Distillation from Separated Conditions (DISC) to accurately generate admixtures of multiple
Gleason Grades in a tile when conditioned by a tile mask (bottom-left).

glands for high grade cancer (Fig. 1). To address these is-
sues, we introduce a novel approach: we first tailor LDMs
to produce tiles conditioned by human-annotated masks that
feature multiple GG labels. Building on the principle of
”Get More Done - One Thing at A Time” [43], we further
refine this approach with our Self-Distillation from Sepa-
rated Conditions (DISC) technique, aimed at improving the
precision of GG patterns guided by intricate masks. Lever-
aging the methodology outlined in [16], we also develop a
training framework that efficiently utilizes generated tiles to
enhance the performance of both pixel-level and slide-level
cancer grading models, as illustrated in Figure 2. More-
over, we implement a straightforward yet effective sampling
strategy to ensure a balanced representation of GGs within
the tile masks, thus addressing potential label distribution
imbalances in the training dataset. Our work is available at
https://minhmanho.github.io/disc/.

Advancements in Histopathology Image Synthesis.
Following the success of Generative Adversarial Networks
(GANs) [4, 12, 21, 22] in image synthesis, Diffusion Mod-
els have become a leading approach for generating high-
fidelity images from noise [15, 32, 36, 37, 45]. Rom-
bach et al. [30] have significantly advanced the field
with the introduction of Latent Diffusion Models (LDMs),
which demonstrate exceptional image synthesis capabilities
with reduced computational demand by utilizing pre-trained
autoencoder-based latent spaces. These innovative genera-
tive models [28] are revolutionizing computational pathol-
ogy by providing robust data augmentation capabilities for
a variety of downstream applications, including nuclei seg-
mentation [6, 10, 17], polyp segmentation [38], the analysis
of skin lesions, and the classification of Renal Cell Carci-
noma (RCC) [8]. In our work, we specifically tailor LDMs
to generate image tiles guided by complex masks that in-
corporate multiple Gleason Grades (GGs). Furthermore,

we introduce Self-Distillation from Separated Conditions
(DISC), an innovative method aimed at improving the pre-
cision of label patterns in the guided mask. Through the
training of pixel-level and slide-level cancer grading mod-
els, such as Carcino-Net [25] and TransMIL [34], alongside
our synthetic tiles, we observe significant performance im-
provements, especially in diagnosing rare cases like GG5.

Knowledge Distillation (KD) for Generative Models.
KD is a technique that transfers knowledge from a larger,
more complex model (teacher) to a smaller, simpler model
(student) [14]. In image classification, self-distillation, in-
troduced in [44], distills knowledge from deeper classifiers
to shallower ones in neural networks. Self-distillation with
no labels (DINO) [7] employs co-distillation [1] to enhance
the performance of Vision Transformers [11]. KD is also
used in GAN-based image synthesis to improve results and
computational efficiency [24, 41, 42]. For example, Self-
distilled StyleGAN [29] filters uncurated internet images
using a pre-trained StyleGAN and fine-tunes the model to
generate images closer to cluster centers defined by the la-
tent space. Meanwhile, KD has been applied for LDMs to
improve sampling efficiency [27, 33]. Inspired by [43], we
then separate the mask into single label masks and denoise
latent features with one mask at a time, resulting in higher-
confidence patterns for labels indicated in the label-guided
mask. Finally, we propose Self-Distillation from Separated
Conditions (DISC) to optimize computational cost while
improving the quality of generated patterns.

Our contributions are as follows: 1) We propose the
application of Latent Diffusion Models (LDMs) to gener-
ate histopathology patches using guided masks with mul-
tiple Gleason Grades. 2) We address the issue of LDMs
generating incorrect labels when complex masks are pro-
vided by introducing Self-Distillation from Separated Con-
ditions (DISC). 3) Our work surpasses previous studies in

https://minhmanho.github.io/disc/
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