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PathUp: Patch-wise Timestep Tracking for Multi-class Large
Pathology Image Synthesising Diffusion Model

Anonymous Authors

ABSTRACT

In digital pathology, cancer lesions are identified by analyzing the
spatial context within pathology images. Synthesizing such com-
plex spatial context is challenging as pathology whole slide images
typically exhibit high resolution, low inter-class variety, and are
sparsely labeled. To address these challenges, we propose PathUp, a
novel diffusion model tailored for the synthesis of multi-class high-
resolution pathology images. Our approach includes a latent space
patch-wise timestep tracking, which helps to generate high-quality
images without tiling artifacts. Expert pathology knowledge is in-
tegrated into the model through our patho-align mechanism. To
ensure robust generation of lesion subtypes and scale information,
we introduce a feature entropy loss function. We substantiate the ef-
fectiveness of our method through both qualitative and quantitative
evaluations, supplemented by assessments from human experts,
demonstrating the authenticity of the synthetic data produced. Fur-
thermore, we highlight the potential utility of our generated images
as an augmentation method, thereby enhancing the performance
of downstream tasks such as cancer subtype classification.

CCS CONCEPTS

« Computing methodologies — Reconstruction; Image repre-
sentations; Information extraction; Visual content-based indexing
and retrieval.

KEYWORDS

Image Synthesis, Diffusion Model, Cross-Modality Knowledge Align-
ment, Digital Pathology

1 INTRODUCTION

Histopathology involves diagnosing and studying diseases by ex-
amining histology images collected under a microscope [10, 39, 40].
Histology images of tissue contains both complex and ambiguous
information, challenging pathologists to perform a robust, repro-
ducible and efficient analysis. Thanks to the advances in Deep
Learning (DL), impressive performance have been witnessed in
various digital pathology tasks, including cancer classification and
grading [49, 54], cell detection and segmentation [36, 46], interpre-
tation of multiplex immunohistochemistry [19, 45], etc.

The superiority of DL-based digital pathology analysis comes at
a cost of acquiring large, high-quality annotated training datasets.

Unpublished working draft. Not for distribution.
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Figure 1: Our proposed PathUp trains a diffusion model
guided by our feature entropy loss L. to do both low resolu-
tion overview I"¢/ generation and high resolution pathology
image synthesis. Comparing with pixel space tiling (a) which
has sharp tiling edges, our proposed latent space patch-wise
timestep tracking method (b) generates high-resolution im-
age with smooth transition.

However, the available annotated images are still scarce when it
comes to various lesion subtypes driven by different microenviron-
ment and multiple biological factors, or scale-variable regions with
discriminative morphological patterns. The limitation of training
data drawbacks the prediction performance of learning algorithms.
To this end, one solution is to train a generative model that can
produce realistic pathology images that augments existing data.
Generative models have been proposed to help learning methods
in various tasks such as nuclei segmentation [31, 38], survival pre-
diction [6, 17] and cancer grade estimation [14, 52].

The synthesis of high-resolution pathology images typically con-
tains two principal stages: (1) creating of class-specific layout im-
ages, and (2), incorporating high-resolution features under the guid-
ance of the layout image, with an effort to remove tiling artifacts.
However, existing methodologies often struggle to achieve both of
these aforementioned stages. Certain approaches focus on stage (2),
producing detailed representations in small patches through the
utilization of either randomized or predetermined layouts [1, 4],
or alternatively, they focus on the generation of giga-pixel Whole
Slide Images (WSIs) devoid of class-specific conditions [3, 20]. The
challenge of tiling artifacts has been addressed through the intro-
duction of consistent loss functions for the generated images [30],
or by employing pixel-space shifting windows [20]. However, these
methodologies miss the opportunity to learn the abundant spatial
context inherent in heterogeneous lesions ranging over varying
resolutions, consequently losing diagnostically crucial information
relevant to cancer biology. Furthermore, the approaches to tiling
artifact removal predominantly focus on imposing constraints or
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tiling images in pixel space, which may be challenging for images
featuring multi-class subtypes of lesions.

Spatial context in pathology images includes how different types
of tissue distributed around each other, as well as how they form
architectural patterns that supports lesion classification and diag-
nosis (e.g. normal tissue, pathological benign, invasive carcinoma,
etc.). Plenty of evidence have demonstrate the importance of spatial
context in cancer diagnosis and prognosis [10, 39]. For example,
Invasive Papillary Carcinoma (IPC) (i.e. cancer cells moving into
nearby tissue), is a biomarker associated with an increased risk of
lymph node metastasis in breast carcinoma, usually diagnosed by
finding predominantly papillary architecture [40].

Given the biological significance of architectural spatial context
within pathology, we hypothesize that generating high-resolution
pathology images with meaningful architectural lesion patterns
holds significant potential to enhance various downstream tasks.
The most challenging task we resolve is modeling complex spatial
contexts utilizing limited information while seamlessly eradicating
tiling artifacts through the employment of a latent space timestep
tracking strategy. To capture the spatial contexts, we advocate
the adoption of diffusion model as a robust solution for synthe-
sizing high-resolution pathology images devoid of tiling artifacts.
Formally, we introduce the patho-align module, which integrates
multi-resolution pathological knowledge into a novel latent diffu-
sion model [41]. This model facilitates the generation of multi-class
spatial lesion contexts across various resolution levels. To ensure
robust generation, we introduce an feature entropy loss function
for patho-align, aiming at minimizing inter-prompt distances while
simultaneously maximizing intra-prompt distances.-We then bridge
resolution disparities through a timestep tracking strategy oper-
ating within the latent space, achieving the generation of high-
resolution images by aggregating low-resolution latent patches.
Leveraging a latent weight map, we effectively mitigate tiling arti-
facts without additional postprocessing methods. With the help of
a latent weight map, we remove the tiling artifacts without adding
any other postprocessing methods.

Fig.1 illustrates the image generation procedure highlights the
efficacy of our method in eliminating tiling artifacts. Notably, the
synthetic image not only replicates the layout observed in the low-
resolution reference image but also exhibits seamless transitions
along the edges of each patch. In the experiment section, extensive
analyses are presented to substantiate the advantages afforded by
our approach. Furthermore, we showcase the utility of augmented
images generated by our model in training downstream tasks, such
as lesion subtype classification.

To summarize, our contributions are as follows:

o We propose the first generative model to learn the generation
of multi-resolution lesion subtypes from pathology images.

e We introduce patho-align, which incorporates expert pathol-
ogy knowledge with multi-class images. A feature entropy
loss function is proposed to increase the inter-class variety
for synthetic images.

e We present a patch-wise timestep tracking strategy that
within the latent diffusion model framework. This strategy
enhances the model’s capacity to generate high-resolution

Anonymous Authors

images, and concurrently utilizes the latent weights to ad-
dress tiling artifacts.

e We show that our method is capable to generate realistic
pathology image in different resolution. The synthetic pathol-
ogy images can be used as a data augmentation method, and
we demonstrate the efficacy of the augmentation data in
downstream tasks such as lesion subtype classification.

We stress that the benefit of modeling multi-resolution spatial
context is beyond data augmentation. This topic improves the un-
derstanding and quantifying of the architectural patterns of tumor
microenvironment, and provides a foundation for correlating spa-
tial context with genomics and clinical outcomes. Such direction is
where we step towards.

2 RELATED WORK
2.1 Generative Modeling for Pathology Images

Pathology image generation has been the subject of extensive inves-
tigation. Some of the explored methodologies rely on texture-based
image synthesis techniques [15, 21]. However, such methods of-
ten encounter challenges related to their limited generalizability.
In contrast, DL-based approaches for image generation leverage
the capacity to acquire complex patterns from large-scale training
datasets, thereby enabling the generation of diverse and realis-
tic images. This capability has been underscored by several stud-
ies [11, 32, 53] utilizing Generative Adversarial Networks (GANs)
[18]. Notably, however, these methods focused on generating low-
resolution patches rather than high-resolution images, and suffered
from instability and mode collapse issues [33, 35].

Recently, diffusion models have gained popularity in medical im-
age synthesis, demonstrated superior performance over GANs [20].
However, generating high-resolution images using diffusion models
poses a significant computational challenge due to the escalating
computational costs associated with increasing image resolution.
One strategy to tackle this challenge involves leveraging latent
diffusion models (LDMs) [41]. Despite yielding impressive results,
the achievable resolutions demonstrated in LDMs [5, 41] remain
limited. Alternative approaches [24, 42] achieve high-resolution im-
age generation by cascading a series of upscaling diffusion models.
Our model involves only a single upscaling phase comparing with
these alternative approaches. Furthermore, in contrast to our work,
existing methods utilizing diffusion models are confined to gener-
ating random tissue images, thereby limiting their applicability in
downstream tasks.

2.2 Latent Similarity Estimation

In image analysis, similarity metrics are crucial in resemblance
quantification. Similarity metrics aim to measure how “close” two
images are. Traditional point-wise difference metrics, such as Eu-
clidean /2 and Manhattan /1, are limited in their ability to capture
joint statistical characteristics. Consequently, methodologies mim-
icking human visual system, such as SSIM [50], MS-SSIM [51], and
FSIM [56], have been developed. While effective in scenarios where
structural ambiguity is minimal, these methods may fall in tasks
where synthesizing complex structures is crucial. such as in text-
to-image generation tasks.
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Figure 2: Our proposed PathUp framework has two key components: (a) The Patho-align module, which integrates multi-class
pathology images at various spatial levels along with textural descriptions c into the latent diffusion model. Training is guided
by a feature entropy loss, which leverages a memory latent to ensure that latents z9 from the same class exhibit closer distances.
(b) To facilitate the generation of high-resolution images from low-resolution references without requiring additional training,
we propose a patch-wise timestep tracking module. This module operates by individually denoising split latent patches and
simultaneously removing tiling artifacts through the utilization of a latent weight map.

Recent advancements in computer vision have delved into method-
ologies for assessing similarity within the latent space of deep neu-
ral networks, commonly denoted as ’perceptual loss’ or ’feature
matching loss’ [13, 26, 47], which have exhibited notable improve-
ments, particularly in image synthesis contexts [2]. However, it is
notable that these techniques often rely on pretrained backbone
networks trained on datasets dissimilar to pathology images. Con-
sequently, we aim to explore the potential of leveraging latent codes
acquired through Latent Diffusion Models (LDMs) for the synthesis
of medical images.

Estimating similarity between latent representations holds im-
portance in contrastive learning approaches [9, 23, 27, 48]. Typi-
cally, these approaches optimize a loss function tailored to minimize
the feature distance between positive target instances while con-
currently maximizing it against a set of negative targets. Drawing
inspiration from these endeavors, our objective is to harness feature
distances for medical image synthesis employing diffusion mod-
els. To achieve this, our approach combines texture features and
visual features into a unified query, while maintaining a memory
latent as a comparison target. This strategy enables us to effectively
leverage both texture and visual information, thereby enhancing
the synthesis process by ensuring closer distance between latent

representations corresponding to similar instances and maximizing
their distance from dissimilar instances.

3 METHOD

Considering an authentic pathology image, the spatial arrangement
formed by the collection of tissues and cells serves as a biomarker
for tumor classification. Motivated by this, we propose our pathol-
ogy image synthesis pipeline. Our approach involves patho-align
mechanism, which integrates multi-class pathology images at di-
verse resolutions alongside textural prompts into the diffusion
model. To ensure robust generation of texturally relevant features,
we introduce a novel feature entropy loss. For the synthesis of high-
resolution images, we adopt a strategy that splits the latent code
into overlapping tiles and deploy patch-wise timestep tracking. As
a result, our methodology alleviates tiling artifacts and effectively
bridges the gap between multi-resolution images.

3.1 Patho-align

Crafted to synthesize spatial layouts across various scales and
classes, our patho-align module is tailored to leverage pathological
knowledge from multiple scale pathology images, thereby gener-
ating class-correlated spatial contexts across multiple scales. We
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Algorithm 1 Whole PathUp Inference Logic

1: Input: Low resolution synthetic reference overview I"¢/ | tex-
tural guidance cg

2: Parameter: Latent patch size p, overlap pixels o, patch latent
weight w

. Output: High-resolution image I"

: XO — S(Iref)

Xy —aurXo+(1—ap)w

. Split X; into N patches according to p, o

: for Timestep ¢t in [T,T - 1,...,0] do

for Latent patch x7 in [1,2,..,N] do

xp_y e d(xfcs)

10:  end for

11:  Combine x™ according to w for X;_1

12: end for

13: return High resolution synthetic image I" «— D (Xy)

I R

achieve this objective by introducing a patho-align strategy and
a feature entropy loss for training a latent diffusion model using
sparsely labeled pathology images.

In the context of a latent diffusion model, input image I is fed
into a predefined encoder & to create a embedding x¢ = &(I), upon
which the diffusion process is applied. Subsequently, a decoder
D reversely projects the latent back to the pixel space, ensuring
fidelity with the original image I. The noise is gradually injected
into the latent variable x occurs over t = 1...T using a steps via a
Markovian forward process, expressed as:

xt = Varxg+ (1 —ar) w (1)

here, x; represents the latent variable at step t, w ~ N(0,I) de-
notes a noise term, and at controls the noise schedule. Treating
the diffusion model X as an optimization problem, its loss can be
defined as:

Ly =Exe,t [0 17 (21, ¢5) = xoll3] @)
where o; is a noise schedule term, %(-,-) denotes the image gen-
eration process of a text-guided diffusion model, cs serves as a
conditioning vector providing textual guidance.

To facilitate training of the multi-resolution pathology image
generator, uniformed image x paired with its corresponding text cs
is required. However, due to the substantial expertise and associated
costs of pathologists, furnishing detailed image descriptions for
every individual image is impractical. Consequently, for pathology
images characterized by non-uniform resolutions and limited image
descriptions, we propose a data preparation protocol. This protocol
involves utilizing class information from each image to generate
a prompt string cs, with spatial levels such as ’overall” and "patch’
added individually. While this protocol ensures a prompt for each
image, the scarcity of ¢s may pose a potential risk in generating
images with low inter-class variety.

3.2 Feature Entropy Loss

In addressing the challenge of inter-class variety while maintaining
intra-class generation performance, we propose a Feature Entropy
Loss (FEL) as a robust mechanism to learn from sparsely labeled

Anonymous Authors

pathology images. Inspired by contemporary findings, we charac-
terize the distribution of training images as evidence of sampled
inter-class variation. The objective of our loss function is to ensure
that images sharing the same prompt ¢, exhibit high representation
similarity compared to those with different prompts.

To achieve this, we maintain a memory latent for the combined
texture-vision features to reduce the distance between images with
the same prompt while increasing the disparity between images
with different prompts. We employ a modified cross-entropy for-
mulation to accomplish this objective, which mathematically takes
the form:

exp (z - k* /1)
Zfio exp (z . le_l/r))

where z = e(xy, cs) represents the middle block latent generated by
the encoder e of the denoising U-net, k denotes a K-dim memory
latent serving as a comparison target for each possible prompt
corresponding to pathology images, and 7 signifies a temperature
constant. When the FEL is established, the positive representation
k* corresponds to the vector in k that shares the same prompt as z,
while the negative representations k~ represent other vectors with
different prompts. After each training step, k is updated individually
using kpt1 = akp—1+(1—a)ky, which implements a moving average
of image embeddings to introduce variance to the comparison target
and prevent overfitting.

Both L, and L, are utilized to train our generator, yielding the
overall loss formulation:

Lipm = Ly + BLe 4

where Ly pys denotes the comprehensive loss function employed
for optimizing the LDM. By implementing this training scheme
alongside the FEL, we train a generator equipped with multi-scale
pathology knowledge, thereby enhancing the generation of high-
resolution images. Refer to Fig. 2(a) for an illustration.

Le = Ez,k - log

®)

3.3 Patch-wise Timestep Tracking

In addressing the challenge of generating high-resolution pathol-
ogy images while leveraging multi-resolution expert knowledge
within the LDM, we encounter the demand for substantial computa-
tional resources. To mitigate this, we propose a patch-wise timestep
tracking method aimed at reducing the computational cost while
keeping the quality of generation. The detailed framework of our
method is depicted in Fig. 2 (b). Importantly, our approach operates
solely during the inference period with no additional training.

During inference, we partition the latent code of a synthetic
reference overview image into latent patches x/, each assigned an
independent scheduler. These latent patches are then processed by
the denoising procedure based on the timestep t. The denoising
step for each latent patch is represented as:

xhy =d(xh ) 5)

Here, d denotes our denoising process of LDM trained by our patho-
align framework, while cg represents the textural guidance. As
the denoising process operates on one latent patch at a time, the
timestep across the entire image may become uneven. To address
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this, for timestep T, we sequentially denoise all the latent patches
and update timestep T <— T — 1. This method is illustrated in Fig. 2
(b). The latent patches are tiled to create the high-resolution latent
for the subsequent timestep.

To ensure a smooth transition between overlapping tiles and
mitigate tiling artifacts, we weight the latent vectors in the tiles
based on their distance from the center of the tile. The weight
assigned to a latent vector is computed using the following formula:

_ min(lp~p/Llg - ¢
Lp

(6)

where p’, ¢’ denote the center of latent patch in each direction, and
Ly represents the width of a single latent patch, thereby normalizing
the weight tile within the range [0.5, 1]. The resulting weight map
for each tile is visualized in Figure 2 (b). Subsequently, to prevent
tiling artifacts from affecting the generation, the final value of a
latent vector in a target coordinate is calculated by summing all
inference values of the latent vector and dividing by the sum of
weights. The efficacy of these tiling strategies can be observed in
Figure 4.

The inference logic of PathUp is demonstrated in Alg. 1. Initially,
a synthetic pathology overview image I"¢/ is the spatial context
reference input for our diffusion model trained using pathology
knowledge. Subsequently, a certain amount of noise, d;, is injected
into the reference image to create a noised reference image latent X.
Following the resizing and partitioning of X into N latent patches,
The latent tiles are then combined using weigt w to generate a
tiling artifact free synthetic high-resolution pathology tissue I h
with cancer-related spatial context.

In summary, our proposed pipeline enables the generation of
multi-resolution pathology images. In the subsequent section, we
conduct extensive experiments to evaluate the effectiveness of our
generated images.

4 EXPERIMENTS
4.1 Dataset

We assess the performance of our method using the publicly avail-
able BRACS dataset [8], comprising pathology images related to
breast cancer extracted from 547 Whole Slide Images (WSIs). The
dataset contains 4539 Regions of Interest (Rols), each annotated
with one of seven cancer subtypes: Normal (N), Pathological Be-
nign (PB), Usual Ductal Hyperplasia (UDH), Flat Epithelial Atypia
(FEA), Atypical Ductal Hyperplasia (ADH), Ductal Carcinoma in
Situ (DCIS), and Invasive Carcinoma (IC). For training our genera-
tor, we divide the Rols into 512X 512 patches with a 64-pixel overlap.
To address potential issues related to unbalanced data distribution,
we limit the patch-level training data to 6000 patches per class.
Additionally, we extract overview-level data by segmenting Rols
into large 2048 X 2048 patches with a 256-pixel overlap, which are
subsequently resized to 512 X 512 dimensions.

4.2 Implementation Details

All experiments are conducted utilizing a Nvidia A100 GPU. During
the training of our patho-align module, we employ a learning rate
of 5¢~% in conjunction with the AdamW optimizer [34], spanning
50,000 iterations with a batch size of 4. We utilize the DDIM [44]
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noise scheduler for this process. For the feature entropy loss, k is
randomly initialized by 14 anchors, derived from the product of
the number of cancer subtypes and the number of spatial levels.
We set f# = 0.1 for Ly pyr. During inference, we adopt patch-wise
timestep tracking, dividing the latent space into 64X 64 patches with
32 overlapping to generate high-resolution images of 2048 x 2048
pixels.

4.3 Metrics

We employ a range of data assessment methods to evaluate the
fidelity of synthetic pathology images. Adopting metrics from the
natural image community, we incorporate qualitative and quantita-
tive assessments tailored to the medical context. To evaluate the
fidelity of synthetic images at a resolution of 512 X 512, we compute
Improved Precision (IP) and Improved Recall (IR) metrics between
real and synthetic images [29]. IP assesses synthetic data quality,
while IR measures data coverage. Additionally, we conduct similar-
ity evaluations between synthetic and real images using Fréchet
Inception Distance (FID) [22] and Kernel Inception Distance (KID)
[7], as suggested in prior studies [37, 43]. We evaluate the effective-
ness of the proposed modules individually and conduct 5 individual
generations for each experiment, calculating the standard deviation
to ensure the robustness of our methods. For qualitative analysis,
we engage a team of pathologists to evaluate the plausibility of the
synthetic images.

4.4 Inter-model Evaluation of Multi-resolution
Pathology Image Synthesis

To demonstrate the superiority of our method in producing syn-
thetic pathology images, we conduct inter-model comparisons us-
ing StyleGAN2 [28], VQ-GAN [16], and LDM [41]. Our evaluation
of the quality of synthetic images with PathUp includes two levels:
overview and patch. At the overview level, synthetic 512 X 512
lesion images are compared with high-resolution patches resized to
the same size. At the patch level, synthetic tiles are compared with
real 512 X 512 pathology image patches. These models are trained
using identical data and are specifically designed to generate im-
ages at each level. For all models in the comparison, we generate
10,000 samples and employ metrics to compare synthetic images
with the test set of the BRACS dataset.

Table 1 showcases our method’s outstanding performance com-
pared to others at both levels. When compared to real images, our
method outperforms all others in terms of IP, FID, and KID, achiev-
ing values of 0.964, 45.359, and 8.139 at the overview level, and
0.955, 66.729, and 11.742 at the patch level, respectively. Notably,
our method exhibits significantly higher IP compared to StyleGAN2,
with improvements of 0.308 and 0.550 at the overview and patch
levels, respectively. Analysis reveals that diffusion-based methods
perform better across these metrics, underscoring the efficacy of
the diffusion model in pathology image generation. However, com-
pared to LDM, our method excels in FID and KID, attributable to
the patho-align module, which enables our model to generate im-
ages that closely match the dispersion patterns of real pathology
images. Furthermore, the high performance of IR demonstrates our
method’s ability to generate data covering the full dispersion of real
data. This improvement may be attributed to our feature entropy
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Figure 3: Visualization of the outcomes generated by our approach. (a) Presents two synthetic high-resolution image patches:

the left patch corresponds to a generation for Pathological Benign (PB), while the right patch represents a generation for Ductal
Carcinoma in Situ (DCIS). (b) Demonstrates a comparison at the patch-level between our synthetic results and real patches
specific to each class. Both visualizations highlight the capability of our model to generate realistic tissue images.

Table 1: Performance comparison between methods for pathology image synthesis. Evaluations are performed on both overview

and patch level.
Models i) IRT FID| KID*|
StyleGAN2[28] | 0.656+0.087  0.417+0.044  69.375+3.942  24.455+2513
. VQ-GAN [16] | 0.710+0.092  0.402+0.041  78.617+3.732  25.307+1.212
Overview
LDM [41] 0.891+0.037  0.343+0.036  98.056+4.191  20.751+2.794
Ours 0.964+0.012 0.592+0.026 45.359+3.732  8.139+0.413
StyleGAN2[28] | 0.405+0.105  0.337+0.0890  125.493+5051  43.709+3.988
Patch VQ-GAN [16] | 0.828+0.078  0.391+0.063  103.742+5907  28.087+2.370
LDM [41] 0.883+0.090  0.310+0.072  95.429+4.218  19.638+1.294
Ours 0.955+0.021 0.608+0.033 66.729+2.184 11.742+0.891

*KID is scaled by a factor of 1000

loss, which aids the diffusion process in generating images with
greater dispersion within each class and view.

To showcase our proficiency in generating high-resolution im-
ages, we propose an analysis with super-resolution methods, LDM
[41], and BSRGAN [55]. We begin by employing our pathology
diffusion model to generate a 512 X 512 overview image, denoted
as I"¢f | which is subsequently resized to 2048 x 2048. Next, we
randomly sample 10, 000 tiles of size 512 X 512 from the resized I ref

to create a dataset for the upscaling methods. Since the upscaling
methods operate on synthetic low-resolution data, it is impractical
to compute metrics that require high-resolution ground truth, such
as SSIM [50]. Therefore, we utilize previously mentioned similarity
metrics and compute the similarity between the generated tiles
and real patches from the test set. Table 3 presents the quantitative
results of the methods, demonstrating that our model can produce

upscaled images with greater similarity to real pathology images.
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Figure 4: (a) Visualization of inter-model upscale performance. Taking low-resolution reference as a input, our model generates
pathology-meaningful spatial context, while others generate artifacts and unrelated detail. (b) Demonstration of tiling artifact
refinement. Images tiling artifacts are highlighted by boxes. Our model removes it seamlessly with minor image distortion.

Table 2: Ablation study of our proposed method for Patho-Align. Both 2048 pixels high-resolution and 512 pixel low-resolution
generations are measured by IP, IR, FID, KID. PA and FEL are Patho-Align training strategy and Feature Entropy Loss.

Modules
PA FEL 7 IRT FID| KID|
0.906+0.093 0.322+0.084 83.371+5.852 20.795+2.049
high-resolution | v 0.959+0.045  0.393+0.063  59.231+5471  11.173+1.207
v v | 0.964+0.012 0.592+0.026 45.359+3.732  8.139+0.413
0.907+0.084  0.324+0.106 91.653+5.932 9.167+1.783
low-resolution | v 0.943+0.042  0.417+0.069  68.962+4510  11.509+0.913
v V' | 0.955+0.021 0.608+0.033 66.729+2.184 10.742+0.891

Table 3: Inter-model upscaling performance comparison.

IPT IRT FID| KID]
[41] | 0.837x0.085  0.376+0.083 108.439+4316 17.591+1.019
[55] | 0.645+0.102  0.382+0.097 153.973+5791 42.920+3.563
Ours | 0.971+0.023 0.633+0.035 57.642+1.248 9.837:0.692

Table 4: Performance comparison for PathUp trained w/ and
w/o our proposed weight map w for patch-wise timestep
tracking.

P7 IRT FID| KID|
w/ow | 0.939+0.034 0.587+0.039 76.278+3.72 9.814+1.036
ww 0.964+0.012 0.592+0.026 45.359+3.732 8.139+0.413

Figure 4(a) provides a visual representation of the upscaled patches
generated by various methods, highlighting that our model intri-
cately captures details such as cells, nuclei, and tumor stromas
when processing low-resolution images. In contrast, other models
either solely sharpen the image or generate non-pathology details.

4.5 Ablation Study

We conduct a comprehensive comparison to assess the effectiveness
of our proposed modules, evaluating metrics between 10,000 syn-
thetic images of various resolutions and real images from the test
dataset. High-resolution images are generated using our proposed

patch-wise timestep tracking method. As illustrated in Table 2, our
proposed patho-align module achieves significant improvement
compared to the model trained without our method, enhancing the
generation similarity. This improvement is evident in metrics such
as IP, FID, and KID. Furthermore, the integration of the feature en-
tropy loss enhances performance across resolutions, demonstrating
its capability to strengthen the generation of high-variety images.
The images generated by our model, demonstrated in Fig.3 contain
rich spatial context details, encompassing cell nuclei, connective tis-
sue, and tumor stroma. The high similarity with real image patches
highlights our model’s ability to effectively utilize class-related
spatial context to generate various tissue classes. Additionally, our
feature entropy loss effectively reduces the variance of performance
results. The § value selection of our proposed loss is discussed in
Fig.5. When § = 0.1, the image generation quality measured by IR
reaches the highest performance. Performance drops when > 0.1,
which may because optimising our loss affects the descent of L,
weakening the reconstruction ability of model

The effectiveness of tiling artifact removal is assessed by com-
paring 2048 X 2048 images with real patches from the test dataset.
Tiling artifacts are introduced by modifying our timestep tracking
method to tile latents without incorporating our weight map w. The
comparison results presented in Table 4 indicate that images refined
by our proposed module exhibit superior performance in terms of
FID and KID compared to their non-refined counterparts. However,
the improvement in IP and IR metrics is marginal, likely due to
the limited extent of tiling artifacts within the generated images.
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Table 5: Mean quality score of 3 pathologists on multi-class high-resolution real and synthetic images.

N PB UDH FEA ADH DCIS IC Mean
Real image 8.167+0.235  8.333+0.249 7.967x0.772  8.500+0.245 7.667+0.330 7.300+0.408  8.633+0.464 | 8.081+0.363
Our synthetic I" | 8.233+0704 7.533x0411 7.500+0.779 7.367+0.519 7.533+0492 7.467+0.624 8.333+0.556 | 7.709+0.583

Table 6: F-scores on the lesion subtype classification task, comparing models trained with real data only to models trained with
random data augmentation (Rand.), and generated lesion images (Ours).

Method N PB UDH FEA ADH DCIS IC Mean

[12] 65.527+1.077  43.051+2.729 31.149+1514  67.071+3.081  33.297+1.393 43.038+2.417 69.854+1.039 50.427+1.892
[12]+Rand. | 64.489+2.095  52.827+2.713 33.264+1.694 65.215+2.509  39.854+2.058 45.591+3.031 71.457+1.097 53.242+2.171
[12]+Ours | 68.041+1.048 55.964+2.159 40.062+1.317 66.834+2582 37.752+1.194 50.015+2.261 72.492+0.784 | 55.871+1.621
[25] 72.473+1.674  51.531+2.409 38.853+2.461 68.801+2.975 35.783+2.475 52.144+3.597 83.314+1.289 57.557+2.554
[25]+Rand. | 73.245+1211  53.443+2756  45.136+3.258  67.734+2781  43.796+2724  55.037+2836  81.056+2.071 | 59.921+2.455
[25]+Ours | 75.080+1.207 61.425+2.047 51.937+2.479 69.921+2.753 44.675+2.078 57.052+2.427 83.328+1.914 | 63.345+2.129
IR the F-score of FEA is lower than that without augmentation. This
07 0.608 discrepancy may be attributed to the resizing of high-resolution
05 % 0.4.17/./—_—\’\‘\0.il 2 images, which could lead to a loss of cancer-related spatial context,
03 thereby limiting the classification model’s performance.

0 0.03 0.06 0.1 0.3 0.6 1 B

Figure 5: Synthesis quality measured by IR according to var-
ious f value. When § = 0.1, the IR score reaches the best
performance.

Visualizations provided in Figure 4(b) illustrate how our refine-
ment module effectively mitigates tiling artifacts while minimally
affecting spatial contexts.

4.6 User Study

The pathological plausibility of our synthetic high-resolution im-
ages was assessed by three experienced pathologists. For this eval-
uation, we randomly selected 10 real and synthetic images for each
class. The pathologists were instructed to rate the authenticity
of each presented pathology image using a quality score ranging
from 1 to 10, where 1 indicated "synthetic" and 10 indicated "real"
The score across all classes is presented in Table 5. The results
demonstrate that our method generates realistic images with a
mean quality score of 7.709. Interestingly, our model achieved a
higher score than real images in the "N" class.

4.7 Downstream Task

We assess the efficacy of our synthetic high-resolution data in a
downstream lesion classification task using the BRACS dataset.
Our model-generated multi-class high-resolution pathology images
serve as augmentation data for training images. We evaluate the per-
formance using two image classification networks, ViT-L [12] and
ADMIL [25], for both single-instance and multi-instance learning
methods. All high-resolution images are resized to 512 X 512 when
training ViT-L. Table 6 presents the F-scores comparing the methods
trained with and without our augmentation. The results indicate an
improvement in performance with augmentation for both single-
instance and multi-instance learning models. However, for ViT-L,

4.8 Limitation and Future Work

While our method exhibits outstanding performance, it is not with-
out limitations. The time-consuming nature of interactive denois-
ing in diffusion models remains a challenge. Furthermore, there
is room for optimization to enhance the generalizability of our
method across different domains. In the future, efforts will be di-
rected towards reducing the inference time of diffusion models
and extending the applicability of our proposed method to diverse
datasets.

5 CONCLUSION

In summary, we propose a novel generative model for synthesiz-
ing multi-resolution lesion subtypes from pathology images. Our
method integrates expert pathology knowledge with multi-class
images using the patho-align module and an feature entropy loss
to enhance inter-class variety in synthetic images. Additionally,
we introduce a patch-wise timestep tracking strategy within the
latent diffusion model framework to generate high-resolution im-
ages and address tiling artifacts using latent weights. Our approach
demonstrates effectiveness in generating realistic pathology images
across different resolutions and proves useful as a data augmenta-
tion method for downstream tasks like lesion subtype classification.
Importantly, our focus on modeling multi-resolution spatial context
extends beyond data augmentation, paving the way for correlating
textural expert knowledge with spatial context.

REFERENCES

[1] Shahira Abousamra, Rajarsi Gupta, Tahsin Kurc, Dimitris Samaras, Joel Saltz,
and Chao Chen. 2023. Topology-Guided Multi-Class Cell Context Generation for
Digital Pathology. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 3323-3333.

[2] Alex Andonian, Taesung Park, Bryan Russell, Phillip Isola, Jun-Yan Zhu, and
Richard Zhang. 2021. Contrastive feature loss for image prediction. In Proceedings
of the IEEE/CVF international conference on computer vision. 1934-1943.

871

873

874

876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927

928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

PathUp: Patch-wise Timestep Tracking for Multi-class Large Pathology Image Synthesising Diffusion Model

(3]

=

[10

[11]

[12]

[13]

[14

=
A

[16]

[17

[18

[19]

[20

[21

[22]

[23]

[24

[25]

[26]

Grégory Apou, Friedrich Feuerhake, Germain Forestier, Benoit Naegel, and Cédric
Wemmert. 2015. Synthesizing whole slide images. In 2015 9th International
Symposium on Image and Signal Processing and Analysis (ISPA). IEEE, 154-159.
Marco Aversa, Gabriel Nobis, Miriam Hégele, Kai Standvoss, Mihaela Chirica,
Roderick Murray-Smith, Ahmed Alaa, Lukas Ruff, Daniela Ivanova, Wojciech
Samek, et al. 2023. DiffInfinite: Large Mask-Image Synthesis via Paralle] Random
Patch Diffusion in Histopathology. arXiv preprint arXiv:2306.13384 (2023).

Omri Avrahami, Ohad Fried, and Dani Lischinski. 2023. Blended latent diffusion.
ACM Transactions on Graphics (TOG) 42, 4 (2023), 1-11.

Ghalib A Bello, Timothy JW Dawes, Jinming Duan, Carlo Biffi, Antonio De Mar-
vao, Luke SGE Howard, J Simon R Gibbs, Martin R Wilkins, Stuart A Cook, Daniel
Rueckert, et al. 2019. Deep-learning cardiac motion analysis for human survival
prediction. Nature machine intelligence 1, 2 (2019), 95-104.

Mikotaj Binnkowski, Danica J Sutherland, Michael Arbel, and Arthur Gretton.
2018. Demystifying mmd gans. arXiv preprint arXiv:1801.01401 (2018).

Nadia Brancati, Anna Maria Anniciello, Pushpak Pati, Daniel Riccio, Giosué
Scognamiglio, Guillaume Jaume, Giuseppe De Pietro, Maurizio Di Bonito, Antonio
Foncubierta, Gerardo Botti, et al. 2022. Bracs: A dataset for breast carcinoma
subtyping in h&e histology images. Database 2022 (2022), baac093.

Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey Hinton. 2020. A
simple framework for contrastive learning of visual representations. In Interna-
tional conference on machine learning. PMLR, 1597-1607.

Laurence Chiche and Jean-Philippe Adam. 2013. Diagnosis and management
of benign liver tumors. In Seminars in liver disease, Vol. 33. Thieme Medical
Publishers, 236-247.

James M Dolezal, Rachelle Wolk, Hanna M Hieromnimon, Frederick M Howard,
Andrew Srisuwananukorn, Dmitry Karpeyev, Siddhi Ramesh, Sara Kochanny,
Jung Woo Kwon, Meghana Agni, et al. 2023. Deep learning generates synthetic
cancer histology for explainability and education. NPJ Precision Oncology 7, 1
(2023), 49.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xi-
aohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg
Heigold, Sylvain Gelly, et al. 2020. An image is worth 16x16 words: Transformers
for image recognition at scale. arXiv preprint arXiv:2010.11929 (2020).

Alexey Dosovitskiy and Thomas Brox. 2016. Inverting visual representations
with convolutional networks. In Proceedings of the IEEE conference on computer
vision and pattern recognition. 4829-4837.

Amelie Echle, Niklas Timon Rindtorff, Titus Josef Brinker, Tom Luedde, Alexan-
der Thomas Pearson, and Jakob Nikolas Kather. 2021. Deep learning in cancer
pathology: a new generation of clinical biomarkers. British journal of cancer 124,
4(2021), 686-696.

Alexei A Efros and Thomas K Leung. 1999. Texture synthesis by non-parametric
sampling. In Proceedings of the seventh IEEE international conference on computer
vision, Vol. 2. IEEE, 1033-1038.

Patrick Esser, Robin Rombach, and Bjorn Ommer. 2021. Taming transformers
for high-resolution image synthesis. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition. 12873-12883.

S Foersch, M Eckstein, D-C Wagner, F Gach, A-C Woerl, ] Geiger, C Glasner, S
Schelbert, S Schulz, S Porubsky, et al. 2021. Deep learning for diagnosis and
survival prediction in soft tissue sarcoma. Annals of Oncology 32, 9 (2021), 1178—
1187.

Tan Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley,
Sherjil Ozair, Aaron Courville, and Yoshua Bengio. 2014. Generative adversarial
nets. Advances in neural information processing systems 27 (2014).

Anant Gupta, Srivas Venkatesh, Sumit Chopra, and Christian Ledig. 2019. Gen-
erative image translation for data augmentation of bone lesion pathology. In
International Conference on Medical Imaging with Deep Learning. PMLR, 225-235.
Robert Harb, Thomas Pock, and Heimo Miiller. 2024. Diffusion-based generation
of Histopathological Whole Slide Images at a Gigapixel scale. In Proceedings of
the IEEE/CVF Winter Conference on Applications of Computer Vision. 5131-5140.
David J Heeger and James R Bergen. 1995. Pyramid-based texture analy-
sis/synthesis. In Proceedings of the 22nd annual conference on Computer graphics
and interactive techniques. 229-238.

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, and
Sepp Hochreiter. 2017. Gans trained by a two time-scale update rule converge to
a local nash equilibrium. Advances in neural information processing systems 30
(2017).

Chih-Hui Ho and Nuno Nvasconcelos. 2020. Contrastive learning with adversarial
examples. Advances in Neural Information Processing Systems 33 (2020), 17081—
17093.

Jonathan Ho, Chitwan Saharia, William Chan, David J Fleet, Mohammad Norouzi,
and Tim Salimans. 2022. Cascaded diffusion models for high fidelity image
generation. The Journal of Machine Learning Research 23, 1 (2022), 2249-2281.
Maximilian Ilse, Jakub Tomczak, and Max Welling. 2018. Attention-based deep
multiple instance learning. In International conference on machine learning. PMLR,
2127-2136.

Justin Johnson, Alexandre Alahi, and Li Fei-Fei. 2016. Perceptual losses for real-
time style transfer and super-resolution. In Computer Vision—-ECCV 2016: 14th

[27

(28]

[29

[30

[31

(32

[34

[35

(36]

[37

&
&,

[39

[40

[41

[42

[47

ACM MM, 2024, Melbourne, Australia

European Conference, Amsterdam, The Netherlands, October 11-14, 2016, Proceed-
ings, Part II 14. Springer, 694-711.

Yannis Kalantidis, Mert Bulent Sariyildiz, Noe Pion, Philippe Weinzaepfel, and
Diane Larlus. 2020. Hard negative mixing for contrastive learning. Advances in
neural information processing systems 33 (2020), 21798-21809.

Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten, Jaakko Lehtinen, and
Timo Aila. 2020. Analyzing and improving the image quality of stylegan. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
8110-8119.

Tuomas Kynkéaanniemi, Tero Karras, Samuli Laine, Jaakko Lehtinen, and Timo
Aila. 2019. Improved precision and recall metric for assessing generative models.
Advances in neural information processing systems 32 (2019).

Amal Lahiani, Irina Klaman, Nassir Navab, Shadi Albarqouni, and Eldad Klaiman.
2020. Seamless virtual whole slide image synthesis and validation using percep-
tual embedding consistency. IEEE Journal of Biomedical and Health Informatics
25, 2 (2020), 403-411.

Shyam Lal, Devikalyan Das, Kumar Alabhya, Anirudh Kanfade, Aman Kumar,
and Jyoti Kini. 2021. NucleiSegNet: Robust deep learning architecture for the
nuclei segmentation of liver cancer histopathology images. Computers in Biology
and Medicine 128 (2021), 104075.

Adrian B Levine, Jason Peng, David Farnell, Mitchell Nursey, Yiping Wang,
Julia R Naso, Hezhen Ren, Hossein Farahani, Colin Chen, Derek Chiu, et al. 2020.
Synthesis of diagnostic quality cancer pathology images by generative adversarial
networks. The Journal of pathology 252, 2 (2020), 178-188.

Zinan Lin, Ashish Khetan, Giulia Fanti, and Sewoong Oh. 2018. Pacgan: The
power of two samples in generative adversarial networks. Advances in neural
information processing systems 31 (2018).

Ilya Loshchilov and Frank Hutter. 2017. Decoupled weight decay regularization.
arXiv preprint arXiv:1711.05101 (2017).

Mario Lucic, Karol Kurach, Marcin Michalski, Sylvain Gelly, and Olivier Bousquet.
2018. Are gans created equal? a large-scale study. Advances in neural information
processing systems 31 (2018).

Erick Moen, Dylan Bannon, Takamasa Kudo, William Graf, Markus Covert, and
David Van Valen. 2019. Deep learning for cellular image analysis. Nature methods
16, 12 (2019), 1233-1246.

Puria Azadi Moghadam, Sanne Van Dalen, Karina C Martin, Jochen Lennerz,
Stephen Yip, Hossein Farahani, and Ali Bashashati. 2023. A morphology fo-
cused diffusion probabilistic model for synthesis of histopathology images. In
Proceedings of the IEEE/CVF winter conference on applications of computer vision.
2000-2009.

Peter Naylor, Marick Laé, Fabien Reyal, and Thomas Walter. 2017. Nuclei seg-
mentation in histopathology images using deep neural networks. In 2017 IEEE
14th international symposium on biomedical imaging (ISBI 2017). IEEE, 933-936.
Lonzetta Neal, Nicole P Sandhu, Tina ] Hieken, Katrina N Glazebrook, Maire Brid
Mac Bride, Christina A Dilaveri, Dietlind L Wahner-Roedler, Karthik Ghosh,
and Daniel W Visscher. 2014. Diagnosis and management of benign, atypical,
and indeterminate breast lesions detected on core needle biopsy. In Mayo Clinic
Proceedings, Vol. 89. Elsevier, 536-547.

Amanda Arantes Perez, Débora Balabram, Marcio de Almeida Salles, and He-
lenice Gobbi. 2014. Ductal carcinoma in situ of the breast: correlation between
histopathological features and age of patients. Diagnostic pathology 9 (2014),
1-6.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjérn
Ommer. 2022. High-resolution image synthesis with latent diffusion models. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
10684-10695.

Chitwan Saharia, William Chan, Saurabh Saxena, Lala Li, Jay Whang, Emily L
Denton, Kamyar Ghasemipour, Raphael Gontijo Lopes, Burcu Karagol Ayan, Tim
Salimans, et al. 2022. Photorealistic text-to-image diffusion models with deep
language understanding. Advances in Neural Information Processing Systems 35
(2022), 36479-36494.

Aman Shrivastava and P Thomas Fletcher. 2023. NASDM: nuclei-aware semantic
histopathology image generation using diffusion models. In International Confer-
ence on Medical Image Computing and Computer-Assisted Intervention. Springer,
786-796.

Jiaming Song, Chenlin Meng, and Stefano Ermon. 2020. Denoising diffusion
implicit models. arXiv preprint arXiv:2010.02502 (2020).

David F Steiner, Po-Hsuan Cameron Chen, and Craig H Mermel. 2021. Closing
the translation gap: Al applications in digital pathology. Biochimica et Biophysica
Acta (BBA)-Reviews on Cancer 1875, 1 (2021), 188452.

Thanh Tran, Oh-Heum Kwon, Ki-Ryong Kwon, Suk-Hwan Lee, and Kyung-Won
Kang. 2018. Blood cell images segmentation using deep learning semantic seg-
mentation. In 2018 IEEE international conference on electronics and communication
engineering (ICECE). IEEE, 13-16.

Dmitry Ulyanov, Vadim Lebedev, Andrea Vedaldi, and Victor Lempitsky. 2016.
Texture networks: Feed-forward synthesis of textures and stylized images. arXiv
preprint arXiv:1603.03417 (2016).

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044



1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

ACM MM, 2024, Melbourne, Australia

[48] Feng Wang and Huaping Liu. 2021. Understanding the behaviour of contrastive
loss. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2495-2504.

[49] Y Wang, B Acs, S Robertson, B Liu, Leslie Solorzano, Carolina Wahlby, J Hartman,
and M Rantalainen. 2022. Improved breast cancer histological grading using deep
learning. Annals of Oncology 33, 1 (2022), 89-98.

[50] Zhou Wang, Alan C Bovik, Hamid R Sheikh, and Eero P Simoncelli. 2004. Image
quality assessment: from error visibility to structural similarity. IEEE transactions
on image processing 13, 4 (2004), 600-612.

[51] Zhou Wang, Eero P Simoncelli, and Alan C Bovik. 2003. Multiscale structural sim-
ilarity for image quality assessment. In The Thrity-Seventh Asilomar Conference
on Signals, Systems & Computers, 2003, Vol. 2. Ieee, 1398-1402.

[52] Suzanne C Wetstein, Vincent MT de Jong, Nikolas Stathonikos, Mark Opdam,
Gwen MHE Dackus, Josien PW Pluim, Paul J van Diest, and Mitko Veta. 2022.
Deep learning-based breast cancer grading and survival analysis on whole-slide

[53

(54

[55

[56

Anonymous Authors

histopathology images. Scientific reports 12, 1 (2022), 15102.

Yuan Xue, Jiarong Ye, Qianying Zhou, L Rodney Long, Sameer Antani, Zhiyun
Xue, Carl Cornwell, Richard Zaino, Keith C Cheng, and Xiaolei Huang. 2021.
Selective synthetic augmentation with HistoGAN for improved histopathology
image classification. Medical image analysis 67 (2021), 101816.

Elbetel Taye Zewdie, Abel Worku Tessema, and Gizeaddis Lamesgin Simegn. 2021.
Classification of breast cancer types, sub-types and grade from histopathological
images using deep learning technique. Health and Technology 11 (2021), 1277—
1290.

Kai Zhang, Jingyun Liang, Luc Van Gool, and Radu Timofte. 2021. Designing a
practical degradation model for deep blind image super-resolution. In Proceedings
of the IEEE/CVF International Conference on Computer Vision. 4791-4800.

Lin Zhang, Lei Zhang, Xuanqin Mou, and David Zhang. 2011. FSIM: A feature sim-
ilarity index for image quality assessment. IEEE transactions on Image Processing
20, 8(2011), 2378-2386.

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159

1160



	Abstract
	1 Introduction
	2 Related Work
	2.1 Generative Modeling for Pathology Images
	2.2 Latent Similarity Estimation

	3 Method
	3.1 Patho-align
	3.2 Feature Entropy Loss
	3.3 Patch-wise Timestep Tracking

	4 Experiments
	4.1 Dataset
	4.2 Implementation Details
	4.3 Metrics
	4.4 Inter-model Evaluation of Multi-resolution Pathology Image Synthesis
	4.5 Ablation Study
	4.6 User Study
	4.7 Downstream Task
	4.8 Limitation and Future Work

	5 Conclusion
	References

