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Abstract

Translating histopathological images across different staining modalities is a challenging
task, as maintaining both structural consistency and biomarker integrity is critical for di-
agnostic reliability. To address this, we present ASP-DGRank, an attention-guided super-
vised patch-ranking model that integrates adversarial learning, Attention-guided Adaptive
Supervised Patch (A%2SP) loss, and diffusion-based regularization. The proposed approach
selects patches and adaptively weights them to mitigate the effect of noisy or misaligned
regions, while emphasizing diagnostically relevant areas. We evaluate ASP-DGRank us-
ing the BCI dataset for the HER2 biomarker and the MIST dataset for four biomarkers
(HER2, ER, PR, and Ki67). The method produces virtual stains that are structurally
consistent and clinically meaningful. Quantitative analysis with structural and pathology-
aware metrics indicates improvements compared to existing approaches. Overall, ASP-
DGRank contributes to improving the reliability and interpretability of histopathological
image translation.

Keywords: Adaptive Attention, Histopathological image translation, Diffusion-GAN,
Biomarker, Virtual staining

1. Introduction

Cancer remains a leading cause of global mortality, creating significant challenges for health-
care systems and emphasizing the need for effective, affordable detection and treatment
methods. Histopathological analysis, particularly Hematoxylin and Eosin (H&E) staining, is
a key diagnostic tool for evaluating tissue abnormalities. While H&E staining is widely used
and examined under a microscope, high-resolution whole slide imaging (WSI) has become
more common, providing digital access to tissue morphology and disease features (Latonen
et al., 2024). However, advanced cancer treatment often requires the evaluation of molecular
biomarkers, such as Human Epidermal Growth Factor Receptor 2 (HER2), which is criti-
cal for breast cancer prognosis. Immunohistochemistry (IHC) is the standard method for
HER2 detection, but is resource-intensive, limiting its accessibility in low-resource settings.
In contrast, H&E staining is cost-effective and widely available, driving the development
of computational methods like virtual staining, which can digitally replicate IHC staining,
potentially accelerating diagnostics and improving access to advanced biomarker analy-
sis (Klockner et al., 2025). Recent advancements in deep learning, particularly through
image-to-image translation with Generative Adversarial Networks (GANs), have enabled
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the generation of virtual THC stains. Existing methods are generally divided into super-
vised and unsupervised GAN-based approaches. Supervised methods, such as Pix2Pix (Liu
et al., 2022) and Pyramid Pix2Pix (Isola et al., 2017), require tightly paired training data,
which is challenging to obtain in histopathology due to issues like tissue deformation and
staining variability. Unsupervised models, like CycleGAN (Zhu et al., 2017), avoid paired
data but often struggle with pathological fidelity due to the non-invertible nature of his-
tological staining. Models like CUT (Park et al., 2020) and ASP (Li et al., 2023) improve
upon this by integrating contrastive learning, though they still rely on weakly paired data.
Diffusion models, which have shown strong results in other imaging domains (Kléckner
et al., 2025; Lin et al., 2025), are emerging as a potential alternative for virtual staining,
but their application to IHC is still limited, with only the PST-DIFF model (He et al.,
2024) available for the BCI dataset.

Despite these advances, two key challenges remain. Firstly, current models struggle
to jointly preserve molecular biomarker expression and fine tissue morphology essential
for diagnostic reliability. Secondly, many methods perform well on a single dataset or
biomarker (e.g., HER2) but generalize poorly to others, such as Ki67, ER, and PR, with
few showing robust performance across datasets and markers (Klockner et al., 2025; Lin
et al., 2025; Latonen et al., 2024). Additionally, supervised methods require strictly paired
data and accurate registration, both computationally demanding and prone to error; while
unsupervised approaches avoid registration but typically require longer training and offer
less reliable feature preservation.

To address these limitations, we introduce ASP-DGRank, an attention-guided adap-
tive supervised patch-ranking model that integrates adversarial learning with diffusion-
based regularization. The framework is thoughtfully designed to preserve structural fidelity
and pathological relevance while remaining adaptable across various datasets and biomark-
ers. Notably, it supports scenarios wherein pairs of consecutive tissue slices are not perfectly
aligned, yet are expected to share corresponding diagnostic information at the patch level.
The main contributions of this work include:

e An attention module that selects patches and adaptively weights, followed by Attention-
guided Adaptive Supervised Patch (A%2SP) loss, emphasizing diagnostically important
regions and reducing the impact of noisy or misaligned areas, leveraging paired or
weakly paired data.

e A diffusion module that corrupts real and generated samples with timestep-indexed
noise, enhancing structural consistency in virtual THC stains and stabilizing GAN
training across multiple biomarkers.

e A robust framework that jointly maintains molecular precision and tissue morphology,
leading to more reliable and interpretable virtual staining while ensuring inconsistent
patches contribute less during learning.

o Experimental validation showing improved structural integrity across datasets and
biomarkers, with consistent gains across diverse quantitative evaluation metrics, in-
cluding both paired and unpaired metrics.
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2. Related Work

Virtual staining, which involves translating images between different staining modalities,
typically relies on supervised and unsupervised learning methods. The most widely adopted
are Generative Adversarial Networks (GANs) (Zhu et al., 2017), often combined with con-
trastive learning techniques such as Contrastive Unpaired Translation (CUT) (Park et al.,
2020) to improve translation quality when paired data are unavailable. More recently,
Diffusion Models have attracted growing attention, showing strong performance in virtual
staining tasks and already surpassing GANs in other image translation domains (Klockner
et al., 2025; Lin et al., 2025).

2.1. Structural Preservation

Early supervised approaches, such as Pix2Pix (Isola et al., 2017) and Pyramid Pix2Pix (Liu
et al., 2022), require pixel-level aligned H&E and THC images. Pix2Pix combines adver-
sarial and reconstruction losses with the source image as conditional input, while Pyramid
Pix2Pix extends this by employing multi-scale processing and L1 optimization at differ-
ent resolutions. Despite their effectiveness, these methods are constrained by the practical
difficulty of collecting perfectly aligned training pairs.

Unsupervised models overcome this limitation by learning mappings between staining
domains without explicit correspondence. CycleGAN (Zhu et al., 2017) enforces cycle
consistency to maintain correspondence between input and reconstructed images, while
CUT (Park et al., 2020) introduces contrastive learning to strengthen this mapping further.
Adaptive Supervised PatchNCE (ASP) (Li et al., 2023) builds on CUT by incorporating
adaptive contrastive loss, making training more robust against poorly matched image pairs.
Although these methods effectively preserve tissue structure and anatomical integrity, they
often overlook subtle pathological cues, such as molecular markers or disease-specific tissue
properties, which limit their diagnostic utility.

2.2. Pathological Preservation

To address this gap, recent methods have focused on preserving pathological semantics.
PSPStain (Chen et al., 2024) enhances semantic alignment between H&E and THC images
and demonstrates strong performance at the molecular level, though its generalizability
remains uncertain due to validation on a limited biomarker (e.g., HER2-stain). Confusion-
GAN (Li et al., 2024) further improves diagnostic accuracy by integrating a multi-branch
discriminator with a patch-level pathology information extractor (PPIE). Applied to hepa-
tocellular carcinoma, it produces highly realistic IHC translations and boosts instance-level
classification when paired with multiple instance learning (MIL) techniques. This frame-
work also introduced a high-resolution dataset of paired H&E and GPC3-stained images,
enabling broader evaluation.

3. Methodology

In this framework, given an input pair consisting of an H&E image I € RTXWXC and
its corresponding label i.e., real ITHC KT € REXWXC the generator backbone produces
a synthesized THC image, i.e., fake IHC K = G(I) € R¥*WXC  The generator G has
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an encoder-decoder based architecture with L intermediate layers. We denote the encoder
feature map by f,(X) € RCXHXWe at layer £ € {0,..., L—1} for any image X € RFIXWxC|
where Cy is the number of channels and Hy, W, are the spatial dimensions at layer ¢. For
a predefined set of contrastive layers £ = {0, 4, 8, 12, 16}, we extract encoder features
Fr = {feD}Yeer, Fic = {fe(K" )} oer, F = {fe(K)}iec for the input HEE image, the
generated IHC, and the real IHC, respectively. A separate projection network F' operates on
each feature map to obtain patch-level embeddings. For a given layer ¢, Fy samples IV spatial
locations from f;(X) and projects the corresponding feature vectors into a d-dimensional
embedding space: Fy : RC>HoxWe o REXd: yequlting the patch sets Z¢ = Fy(fo(I)),
ZII;’E = Fy(fo(KT)), Zﬁ’z = Fy(fo(KT)) respectively and collect them across ¢ € £. By using
a shared encoder of G for I, K¥', and K%, the feature sets F, .7:[};, and }"}? all inhabit
a common latent space. This shared representation is essential for defining patch-level
correspondences across domains and for expressing both global content preservation and
attention-guided supervision as contrastive objectives on the same set of encoder features,
as shown in Figure 1.
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Figure 1: The architecture of the proposed ASP-DGrank. Important modules : (a) At-
tention module tasked to select patches and perform adaptive supervision, (b)
Diffusion module conditioned on the discriminator stabilizes the GAN training.

3.1. Attention-guided patch selection

We derive an attention map at each layer ¢ directly from the feature magnitudes from the
encoder features of the real IHC image F% = {fi(K®)}scr. For a feature map fo(K%) €
RO HexWe - the attention score at spatial location (h,w) is defined as the f3-norm across
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channels,
Cy

1/2
Aé(hvw) = HfE(KR):,h,wHQ = (Z(fE(KR)c,h,w)2> ) (1)

c=1

which yields an attention map A, € RH*We, Then we reshape Ay to a vector of length H, W,
and use it as a discrete sampling distribution over normalized scores to select informative
patches. Using Ay, we sample a set of spatial indices Sy of size N via multinomial sampling
over the HyW) locations. The projection network F; then extracts patch embeddings at
these locations for both the real and fake IHC feature maps: {wys}ses, = Fr (fg(KR)),
{vestses, = Fu ( fo(KF )) respectively. Importantly, the same index set Sy is reused for
real and fake features, ensuring that u,, and vy s are extracted from corresponding spatial
locations.

In our framework, we define A2SP as the Adaptive Supervised PatchNCE loss applied
after attention-guided sampling. The attention maps Ay, computed solely from the real
IHC encoder features {f;(K*)}scr, determine the informative spatial locations S, at each
layer £. At these locations, we obtain paired embeddings {us s, v s}ses, for real and fake
IHC. Them we define the InfoNCE loss {inoncE (tr,s, Ves; T) and assign to each pair an
adaptive weight 6, ; that depends on both the training progress and the current similarity,
following (Li et al., 2023). After normalization over Sy, the attention-guided A2SP loss at
layer £ is

1
££2SP = N Z 68,5 gInfoNCE(uf,& Ue,s3 7) (2)
seSy

and the overall A2SP loss is obtained by averaging over all selected layers:

1
£A2SP = m Z ﬁgAzsp (3)
lel

where N is the number of sampled patches per layer . Here A2SP can be interpreted as an
attention-guided ASP loss (Li et al., 2023) as the attention maps first select discriminative
patches in the real IHC, and ASP then imposes an adaptively weighted contrastive alignment
between the corresponding fake and real patch embeddings at those locations.

3.2. Diffusion Regularization

To regularize the adversarial learning process, we corrupt real and generated IHC patches
using a forward diffusion process before passing them to the discriminator. We consider
a discrete-time diffusion process defined by a schedule of noise variances {3;}L_;, with
ay = 1— ¢ and cumulative products &y = H;Zl ap. The corresponding forward distribution

at time ¢ for input image g € RF*WxC g

q(xy |x0)=/\f($t; Vo T, (1—@,5)1), te{l,...,T}. (4)
Sampling from this distribution can be written as

s = Var o+ V1 — aye, e ~N(0,1), (5)
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where the sequence {3} (and hence {a;}) is chosen according to a predefined schedule. For
each training step, we first draw a diffusion time ¢ from a data-dependent distribution over
{1,...,T}, biased towards later steps to emphasize stronger corruptions. We then sample
a diffused image z; according to g(z; | zop). When applied to the real and generated THC
images, this yields pairs (KF,tF) ~ q(- | KF), (K®,t%) ~ ¢(- | KT), where KF' = z,r and
KB = x,r are diffused versions of the fake and real images at randomly sampled diffusion
times t¥,tf. A separate discriminator network D is then conditioned on both the diffused
image and its diffusion time, and produces a spatial realism score. We adopt a least-squares
adversarial objective on these diffusion-conditioned inputs. The discriminator loss is

Lae = 5 (B[(D(RT.#7) = 0] + B[(D(R™, ¢ - 1)), Q

while the generator adversarial loss is
Laax = E[(D(KT,t7) — 1)%). (7)

By evaluating real and generated samples along a stochastic diffusion trajectory, rather
than only in the clean image space, the discriminator learns to separate the two distribu-
tions across a continuum of noise levels. This diffusion-based regularization smooths the
discriminator’s decision boundary, providing more stable and informative gradients to guide
the generator.

In addition, we employ the PatchNCE loss, as introduced in CUT (Park et al., 2020),
to encourage the generator to preserve local content by maximizing the mutual information
between corresponding patches of the input H&E image and the generated IHC image.
To further enforce consistency of low-frequency structure, we incorporate the Gaussian
pyramid reconstruction loss (Liu et al., 2022) that penalizes discrepancies between real and
generated IHC images across multiple spatial scales. Finally, the overall training objective
of our generator is defined as follows:

Lg = AgaN LGAN + Ap LpatehNcE + Aazsp Lazsp + Aap Lap, (8)

where LpaienNcE is the patch-wise contrastive content loss and Lgp is the Gaussian pyramid
reconstruction loss.

4. Experiments
4.1. Datasets

In our experiments, we utilized the following datasets, namely, BCI (Liu et al., 2022) and
MIST (Li et al., 2023). The BCI dataset includes various levels of HER2 expression, while
the MIST dataset contains IHC staining data for HER2, PR, ER, and Ki67, with both
datasets divided into training and testing sets, as shown in Table 1.

4.2. Training Details

The model is trained on an NVIDIA RTX 5000 GPU. We adopt the CUT training protocol
with a batch size of 1, where input images are randomly cropped to a spatial resolution of
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Table 1: The number of image pairs in each dataset.

Dataset BClggrae | MISTygrgre | MISTgrr | MISTpr | MISTki67
Training Set 3896 4642 4153 4139 4361
Testing Set 977 1000 1000 1000 1000

512x512. The network is optimized for 40 epochs with a fixed initial learning rate of 0.0002,
followed by 5 epochs of linear decay. Optimization is performed using the Adam optimizer
with primary decay rates of 0.5 and 0.999, respectively. The number of sampled patches
per layer is set to N = 256. The weighting coefficients for the different loss components
are chosen as Agan = 1.0, Ap = 10.0, Agp = 10.0, Ay2qp = 10.0 with the PatchNCE
temperature parameter fixed to 7 = 0.07. For the diffusion module, we use noise schedules
Bstart = 1074 and Beng = 2 x 1072, and o = 0.05 followed by diffusion timesteps T adapted
between tmin = 10 and ty. = 1000.

4.3. Evaluation Metrics

We evaluate the similarity between real and gener- HE e M Generated 'HZ
ated images using various metrics. The Structural : ‘
Similarity Index Measure (SSIM) (Wang et al.,
2004) quantifies the structural similarity between
generated and real images by analyzing luminance,
contrast, and texture information. The Learned
Perceptual Image Patch Similarity (LPIPS) (Zhang
et al., 2018) metric is utilized to provide a per-
ceptual quality measure, leveraging deep learning
features to assess image similarity in alignment
with human visual perception. For perceptual
and distributional similarity, the Fréchet Incep-
tion Distance (FID) and Kernel Inception Distance
(KID) (Mentzer et al., 2020) assess the divergence
between the feature distributions of real and gener-
ated images in the Inception embedding space. The
Peak Signal-to-Noise Ratio (PSNR) (Tanchenko,
2014) measures reconstruction fidelity based on
pixel-level intensity differences, where higher values
indicate better image quality. The average patho-
logical heatmap variance (PHV,,) (Liu et al., B
2021) quantifies the preservation of critical patho-
logical features, ensuring the fidelity of generated
images in terms of their medical relevance. The av-
erage correlation (Ravg) (Liu et al., 2021), derived from content-preserving correlation for
structural fidelity with H&E images and pathology-preserving correlation for diagnostic in-
formation consistency with THC images, captures both content and pathological alignment
during the image translation process.

MISTis7 MISTeR2 BClygr2

MISTgr

Figure 2: Visualization of our method
on BCI and MIST dataset.



KHATUA VERMA KUMAWAT

5. Results and Comparison

To assess the effectiveness of ASP-DGRank, we first performed experiments on the BCI and
MIST datasets for the HER2 biomarker. Table 2 and Table 3 report that our model consis-
tently achieved better results across all metrics, with the highest SSIM values highlighting
its ability to preserve structural details and intensity patterns while ensuring reliable stain
translation across the HER2 biomarker for the paired setting.

Table 2: Quantitative comparison of virtual staining on BClgggre. The values of the exist-
ing models are reported from (He et al., 2024). The best and second best values

are highlighted.

Methods PSNR 1 SSIM +

SynDiff (Ozbey et al., 2023) 14.2842.52 0.32+0.14
Pix2pix GAN (Isola et al., 2017) 12.624+3.24 0.21+0.09
CUT (Park et al., 2020) 15.324+4.12 0.35£0.14
StainGAN (Shaban et al., 2019) 16.2445.21 0.39+0.15
RegGAN (Kong et al., 2021) 18.2245.51 0.37£0.18
Unit (Liu et al., 2017) 15.754+4.19 0.33+0.18
PST-Diff (He et al., 2024) 16.75+4.20 0.38+0.11
ASP-DGrank (paired) 20.43+14.41 | 0.60+0.01
ASP-DGrank (unpaired) 17.40+32.50 | 0.61+0.01

In addition to the primary evaluation, we also assessed our model for an unpaired setting,
following CUT (Park et al., 2020), to demonstrate its efficacy in handling weakly paired
data. For the unpaired setting, we use the same datasets but deliberately discard the explicit
image-level pairing, drawing H&E and THC images independently from their respective
domains so that only weak, dataset-level correspondence is retained, whereas in the paired
configuration each H&FE image is presented together with its corresponding THC image
from the same or closely aligned tissue section, providing approximate spatial alignment
for supervised training. This evaluation was conducted to further validate the versatility of
our approach, showing that it can perform effectively even when explicit paired data is not
available.

To comprehensively assess the robustness of our proposed method, we extended the evalu-
ation to additional IHC biomarkers within the MIST dataset. As summarized in Table 4,
ASP-DGRank consistently demonstrated strong performance compared to existing state-
of-the-art methods. Figure 2 provides the qualitative analysis of our proposed method.

6. Ablation Studies

To analyze the contribution of each component in ASP-DGRank, we performed an ablation
study on the MISTyggr2 dataset. The baseline model is ResNet-6Blocks as the generator and
a b-layer PatchGAN as the discriminator without attention or diffusion modules. We first
added the diffusion module (DM) to the baseline, conditioned on the discriminator. The
DM improves structural consistency and stabilizes GAN training through a diffusion-based
reconstruction process. Next, we introduced only the attention module (AM), which selec-
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Table 3: Quantitative comparison on the MIST grro dataset. The values of the existing
models are reported from (Wang et al., 2025). KID values multiplied by 1000 are
shown. The best and second best values are highlighted.

Methods KID | | FID | | LPIPS | | SSIM 1
Pix2pix (Isola et al., 2017) 102.0 | 147.6 0.470 0.1981
PyramidP2P (Liu et al., 2022) 80.3 | 180.5 0.467 0.1979
TDKStain (Peng et al., 2024) 43.0 | 138.3 0.460 0.1617
PSPStain (Chen et al, 2024) | 34.0 | 1481 | 0.446 | 0.1738

ASP (Li et al., 2023) 23.9 89.3 0.455 0.2004
ODA-GAN (Wang et al., 2025) | 8.6 68.0 0.420 0.1893
ASP-DGrank (paired) 17.2 | 50.1 0.399 | 0.3451
ASP-DGrank (unpaired) 13.9 56.1 0.411 0.2883

Table 4: Quantitative comparison of virtual staining on MIST g 67, MIST pr, and MISTgg.
The values of the existing models are reported from (Li et al., 2023). KID values
multiplied by 1000 are shown. The best and second best values are highlighted.

MIST rci67 MISTpr MISTgr

Methods SSIM T FID | KID J|SSIM T FID | KID J|SSIM T FID | KID |
CycleGAN (Zhu et al., 2017) |0.3875 343.9 317.9 | 0.2232 96.1 96.6 | 0.1982 125.7 95.1
CUT+LGP (Park et al., 2020)| 0.1909 76.1 43.5 | 0.2153 54.6 20.1 |0.2217 43.7 8.7
Pix2Pix (Isola et al., 2017) 0.1819 147.0 142.4 |0.1617 183.8 148.1 |0.1500 128.1 79.0
PyramidP2P (Liu et al., 2022) | 0.2286 94.4 78.0 | 0.2403 98.8 59.5 | 0.2172 107.4 84.2
ASP (Li et al., 2023) 0.2410 51.0 19.1 |0.2159 44.8 10.2 |0.2061 41.4 5.8
ASP-DGrank (paired) 0.3554 45.22 10.5 |0.3629 45.03 8.8 [0.3459 58.04 22.8

tively emphasizes tissue patches containing critical pathological information. By adaptively
focusing on diagnostically important regions, the AM enhances local feature representation
while maintaining global structure. Finally, we combined both modules within the baseline
model. This integration provided the best trade-off between visual fidelity and structural
similarity, achieving the lowest FID score alongside competitive SSIM values. The complete
results of this ablation study are summarized in Table 5, highlighting the complementary
role of the attention and diffusion modules in improving IHC stain translation.

Table 5: Ablation studies on MISTygr2. Here, DM and AM refer to the Diffusion Module
and Attention module, respectively. KID values multiplied by 1000 are shown.

Setting MISTyER2
Baseline DM AM SSIMt FID| KID| PSNR 1t
X 0.3097 85.85 40.0 13.8966
X 0.3298 62.13 23.6 14.6597
v 0.3384 60.71 21.8 14.8234
v 0.3451  50.12 17.2 14.9124

ESENENEN
N X N X

According to Figure 3, our method produces virtual IHC images with a more pronounced
and spatially coherent DAB signal, alongside improved preservation of underlying tissue ar-
chitecture, compared to the baseline variants. In particular, cell-rich regions and biomarker-
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positive structures are rendered with sharper boundaries and more realistic contrast, while
background regions remain comparatively clean and less corrupted by spurious staining.

H&E Real IHC Baseline Baseline+DM Baseline+AM Ours

LSRR A TR

SSIM 0.1383 0.1629 0.1671 0.1774

Figure 3: Ablation studies on MISTygro. Here, DM and AM refer to the Diffusion Module
and Attention module, respectively.

7. Conclusion

Comprehensive experiments on the BCI and MIST datasets show that ASP-DGRank con-
sistently outperforms existing methods in terms of structural similarity, perceptual quality,
and feature preservation, with particularly strong performance on the BClygrs cohort.
Unlike many state-of-the-art approaches that struggle to generalize across datasets and
biomarkers, our model demonstrates robust and reliable performance in both paired and
unpaired settings. By prioritizing perceptual fidelity and pathology-aware feature align-
ment, ASP-DGRank produces results that are more relevant for diagnostic applications.

Limitations: This study has several limitations. First, our model performs best on paired
datasets and also works effectively on weakly paired datasets, where consecutive tissue slices
may not be perfectly aligned, yet still share corresponding diagnostic information at the
patch level. However, the method may not be suitable for fully unpaired data, where
this correspondence is absent, and the underlying assumptions of the framework are not
fulfilled. Second, the evaluation is limited to the paired datasets, namely BCI and MIST;
therefore, the model’s generalizability to other staining methods or cancer types remains to
be validated. Finally, automated ITHC synthesis is limited by biological variability, domain
shifts, staining inconsistencies, and metrics that may miss subtle pathological details.

10
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Appendix A. Additional quantitative evaluations of ASP-DGrank model
for paired setting

Table 6: Quantitative Metrics of virtual staining on BCI and MIST dataset for paired
setting. For metrics with 1, higher values are better, while for metrics with |,
lower values are better. KID values multiplied by 1000 are shown.

Dataset SSIM 1 | PSNR 1 | FID | | KID | | LPIPS | | PHV,s | | Rayg T
BClygro 0.6012 | 20.4317 | 55.02 13.5 0.3380 0.4408 0.7278
MISTHrERe | 0.3451 | 14.9124 | 50.12 17.2 0.3998 0.5167 0.7143
MIST k67 0.3554 | 14.7880 | 45.22 10.5 0.3820 0.5070 0.7909
MISTpr 0.3629 | 14.4624 | 45.03 8.8 0.3709 0.5039 0.8304
MISTER 0.3459 | 14.052 | 58.04 | 22.8 0.3729 0.4983 0.7961

Appendix B. Additional quantitative evaluations of ASP-DGrank model
for unpaired setting

Table 7: Quantitative Metrics of virtual staining on BClgyggre and MIST g ggo for unpaired
setting. For metrics with 1, higher values are better, while for metrics with |,
lower values are better. KID values multiplied by 1000 are shown.

Dataset SSIM 1 [ PSNR 1 | FID | | KID | | LPIPS | | PHVays | | Ravg 1
BClygre | 0.6177 | 17.4034 | 52.92 | 11.1 || 0.4276 | 0.4822 | 0.6601
MIST yrgrs | 0.2883 | 13.8958 | 56.19 | 13.9 || 0.4110 | 0.5274 | 0.5750
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