The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

OT-StainNet: Optimal Transport Driven Semantic Matching for Weakly Paired
H&E-to-IHC Stain Transfer

Xianchao Guan' ?*, Yifeng Wang'*, Ye Zhang', Zheng Zhang' >, Yongbing Zhang'"

'Harbin Institute of Technology, Shenzhen, China
2Peng Cheng Laboratory
guanxianchao@stu.hit.edu.cn, darrenzz219 @gmail.com, ybzhang08 @hit.edu.cn

Abstract

Immunohistochemistry (IHC) examination is essential for
characterizing tumor subtypes, providing prognostic informa-
tion, and developing personalized treatment plans. However,
IHC staining preparation is more complex and expensive
compared to Hematoxylin and Eosin (H&E) staining, limit-
ing its widespread clinical application. Transforming H&E
images into IHC images presents a promising solution. In this
paper, we propose OT-StainNet, a novel virtual IHC staining
method. OT-StainNet employs a pre-trained diffusion model
with richer prior knowledge as the generator and fine-tunes it
with LoRA adapters through adversarial training. Given that
adjacent images of the same tissue stained with H&E and
THC are not precisely aligned at the pixel level, existing meth-
ods struggle to fully utilize the supervisory information from
weakly paired IHC images. To address this issue, we pro-
pose an optimal transport-driven semantic matching (OTSM)
mechanism, establishing accurate semantic correspondences
between H&E-IHC image pairs. By leveraging the real IHC
features obtained through the OTSM mechanism, we design a
semantic consistency constraint (SCC) to ensure that the cor-
relations among virtual IHC features remain consistent with
those among real IHC features, thereby preserving valuable
correlation information during stain transfer. We validate OT-
StainNet using four types of IHC staining across two datasets.
Extensive experiments demonstrate the effectiveness of our
method compared to state-of-the-art approaches.

Introduction

Histochemical staining is essential in pathological analysis.
Hematoxylin and Eosin (H&E) is the most common and
cost-effective staining agent, clearly delineating tissue cell
structures to assist pathologists in making preliminary diag-
noses (Mahbod et al. 2024). However, despite its widespread
use, H&E staining often lacks the contrast necessary to accu-
rately distinguish between various cancer subtypes, limiting
its diagnostic utility in complex cases. In contrast, Immuno-
histochemistry (IHC) staining provides detailed insights into
protein expression at the cellular level, both qualitatively and
quantitatively, making it indispensable for the accurate di-
agnosis and staging of cancers, as well as for determining
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Figure 1: Examples of H&E and IHC-stained image. (a)
shows the negative H&E-IHC image pairs. (b) shows the
positive H&E-IHC image pairs which contains regions
where specific biomarkers are expressed, providing crucial
diagnostic and prognostic information.

tumor prognosis (Ghahremani et al. 2022). For instance, in
breast tissue pathology, pathologists assess biomarkers such
as Ki67, ER, PR, and HER2 expression levels using THC,
facilitating precise diagnoses and personalized treatment.

However, compared to H&E staining, the histochemical
staining process for IHC is more time-consuming and labor-
intensive, typically requiring specialized histotechnologists
and laboratory equipment (Gatenbee et al. 2023). These
factors impede the widespread adoption of IHC staining
in pathology. With advancements in digital pathology, vir-
tual staining technologies based on generative models have
emerged as a promising, cost-effective alternative. These
technologies accelerate diagnosis, conserve tissue samples,
and reduce patient waiting times, thereby holding significant
clinical implications (Bai et al. 2023).

The goal of virtual staining is to simulate the style of
the target staining while preserving the tissue structure of
the source staining image (Guan et al. 2024). As a promi-
nent branch of generative models, generative adversarial net-
works (GANs) have been widely used in virtual staining
tasks due to their excellent image style transfer performance
(Goodfellow et al. 2020). Existing GAN-based virtual stain-
ing methods can be roughly divided into two categories:
unsupervised methods and fully supervised methods. Unsu-
pervised methods primarily rely on CycleGAN (Zhu et al.
2017) or CUT (Park et al. 2020), using adversarial loss to
learn the style of the target staining image and cycle con-
sistency loss or contrastive learning loss to preserve the tis-
sue structure details of the source staining image. Due to



the lack of effective supervisory information, these methods
sometimes cannot guarantee the accuracy of the pathological
characteristics of the virtual image (Zeng et al. 2022). Fully
supervised methods predominantly rely on Pix2Pix (Isola
et al. 2017), utilizing perfectly aligned input and ground
truth to optimize the pixel-level loss between synthetic and
real images. However, in histopathology, the irreversibility
of the tissue staining process makes it physically infeasible
to re-stain sections, posing a significant challenge in obtain-
ing pixel-level aligned image pairs (Bai et al. 2023).

In clinical practice, pathologists cut consecutive sec-
tions from the same tissue, then stain and scan them sepa-
rately (Rivenson et al. 2019). This process inevitably causes
changes in tissue and cell structures between slide pairs,
such as tissue loss, tearing, and artifacts, resulting in pixel-
level inconsistencies (Li et al. 2023), as shown in Fig. 1.
Despite these inconsistencies, significant pathological con-
sistency information remains in adjacent layer tissue image
pairs (Liu et al. 2021). However, existing fully supervised
methods generate virtual images by calculating pixel-level
loss, overlooking the adverse effects of structural inconsis-
tencies on the model, which may introduce inaccurate patho-
logical characteristics into virtual images.

In addition to the limitation of not fully utilizing super-
vised information, the aforementioned GAN-based virtual
staining methods face another major challenge: the need to
train from scratch, which typically requires a large amount
of data to achieve satisfactory generalization performance
(Zhang et al. 2024). Recently, generative models like stable
diffusion have demonstrated excellent performance in natu-
ral image generation by leveraging rich semantic knowledge
and feature representations obtained through pre-training on
large-scale datasets (Rombach et al. 2022; Li et al. 2024a).
When applied to the pathology domain, the prior knowl-
edge embedded in these pre-trained models aids in capturing
the cellular and structural characteristics of histopathologi-
cal images (Ferber et al. 2024; Zhang et al. 2024). There-
fore, employing pre-trained models for the virtual staining
of pathological images can enhance the accuracy and gener-
alization of the model.

In this paper, we propose OT-StainNet, a novel H&E-to-
IHC stain transfer network. To fully utilize valuable super-
visory information in the adjacent layer IHC images, we de-
sign an optimal transport-driven semantic matching (OTSM)
mechanism and a semantic consistency constraint (SCC).
The contributions of our work can be summarized as fol-
lows:

* We propose OT-StainNet for IHC virtual staining, which
leverages the rich prior knowledge embedded in diffusion
models pre-trained on large-scale natural images while
ensuring efficient inference.

* We introduce an optimal transport-driven semantic
matching (OTSM) mechanism that establishes accu-
rate semantic correspondences between H&E-IHC image
pairs of adjacent layers that are not precisely paired at the
pixel level.

e We design a semantic consistency constraint (SCC) to
ensure consistency between the correlations among vir-
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tual THC features and those among real IHC features,
thereby preserving valuable correlation information dur-
ing stain transfer.

* We evaluate OT-StainNet using four types of IHC stain-
ing on three datasets. Extensive experimental results
demonstrate that OT-StainNet achieves promising perfor-
mance compared to state-of-the-art approaches.

Related Work
Image-to-Image Translation

Image-to-image translation aims to transform a source do-
main image into the style of a target domain image while
preserving its original content. Pix2Pix optimizes the pixel-
level loss between the output and ground truth using a con-
ditional GAN (Isola et al. 2017). To reduce the reliance on
paired data, CycleGAN employs cycle consistency loss to
maintain key properties between the input and output im-
ages (Zhu et al. 2017). CUT employs contrastive learning
to maximize the mutual information between corresponding
locations in the input and output images, implementing a
one-sided image translation method (Park et al. 2020). These
methods typically require training from scratch and large
datasets to achieve satisfactory generalization. Recently,
pre-trained generative models, such as stable diffusion, have
outperformed GANS in various image generation tasks due
to the prior knowledge acquired from training on large-
scale natural images (Rombach et al. 2022; Li et al. 2024b).
Among these, img2img-turbo (Parmar et al. 2024), a novel
diffusion model-based method, achieves high-accuracy im-
age translation by leveraging the internal knowledge of SD-
Turbo (Sauer et al. 2023) while ensuring efficient inference.
However, applying these methods directly to IHC virtual
staining without paired data does not guarantee the gener-
ation of accurate pathological characteristics.

IHC Virtual Staining in Histopathological Analysis

With the rapid development of image-to-image translation
in the field of computer vision, some applications have
been successfully applied to IHC virtual staining. Liu et
al. proposed a pathology representation network that uti-
lizes expert-annotated positive region labels to achieve vir-
tual staining of neuroendocrine and breast tissues from H&E
to Ki67 (Liu et al. 2021). However, the performance of this
method heavily depends on the quality and quantity of ex-
pert annotations. Zeng et al. designed a Pos/Neg classifier
to ensure the accuracy of virtual IHC Pos/Neg (Zeng et al.
2022). This approach, however, only relies on Pos/Neg in-
formation from adjacent layer IHC images, which may lead
to inaccurate identification of specific positive regions. To
enhance THC virtual staining accuracy, some studies have
employed real IHC images from adjacent layers to supervise
virtual IHC image generation. Liu et al. proposed a pyra-
mid Pix2Pix image generation method to transform H&E
images into HER2 images (Liu et al. 2022). Li ef al. intro-
duced an adaptive supervised PatchNCE loss for converting
H&E staining into multiple THC stainings (Li et al. 2023).
Dai et al. developed a weakly supervised method to convert
autofluorescence images into H&E images (Dai, Wong, and
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Figure 2: Overview of the OT-StainNet framework. Firstly, H&E and adjacent layer IHC images are encoded into feature
vectors. Then, optimal transport is used to obtain real IHC features matching the H&E features. Finally, the semantic consistency
constraint is applied to ensure the accuracy of pathological characteristics in the virtual IHC images generated by the one-step
diffusion model. During training, the weights of the encoder, decoder, and U-Net are fixed, with only the LoRA adapters being
trainable. Furthermore, skip connections and zero-convs between the encoder and decoder are incorporated to preserve the
complex cell and tissue details of H&E images during stain transfer.

Wong 2023). Nonetheless, these methods generate virtual adjacent layers, we propose an optimal transport-driven se-
images by calculating pixel-level losses, overlooking local mantic matching (OTSM) mechanism to mine semantic cor-
differences between adjacent layer H&E-IHC image pairs. relations between H&E-IHC pairs, providing a foundation
Consequently, the virtual images generated by these meth- for supervision. Building on OTSM, we design a seman-
ods may contain inaccurate pathological characteristics. tic consistency constraint (SCC) that extends beyond pixel-
level supervision by enforcing consistency between the cor-

Methodology respondences among virtual IHC features and those among

Framework Overview real IHC features.

The OT-StainNet framework is illustrated in Fig. 2. Inspired OT-driven Semantic Matching
by img2img-turbo (Parmar et al. 2024), we utilize the dif-
fusion model SD-Turbo (Sauer et al. 2023) as the gener-
ator and fine-tune it with LoRA adapters using an adver-
sarial learning objective. Furthermore, we streamline the la-
tent diffusion model by integrating its three key components,
the VAE encoder, VAE decoder, and UNet(Ronneberger,
Fischer, and Brox 2015; Li et al. 2024c¢), into a unified,
end-to-end network. This integration simplifies the archi-
tecture, reducing the need for separate module tuning and
facilitating more efficient loss propagation. During train-
ing, we preserve the original weights of the VAE and UNet

to retain the broad features and generalization capabilities transport plan matrix P that minimizes the total cost ma-

acquired from pre-training on large-scale natural images. trix C. Formally, the optimal transport from H&E features
LoRA adapters allow us to fine-tune the pre-trained diffu- FH — [fH fH’ fH] c R™ % to THC features F!
- 1 > 9.

sion model by adding low-rank trainable parameters to spe-
cific layers while keeping the core model weights frozen.
It helps OT-StainNet adapt to the unique characteristics of

In clinical practice, pathologists often stain consecutive tis-
sue sections to obtain H&E and IHC slides. However, this
process produces adjacent layer images that are inherently
misaligned at the pixel level due to tissue distortions and
variations. To avoid erroneous pathological characteristics
in virtual IHC due to the supervisory information provided
by mismatched real IHC images, we introduce an optimal
transport-driven semantic matching (OTSM) mechanism to
align semantic features between H&E-IHC image pairs.

As a solution to model the correspondences between two
distributions, the goal of optimal transport is to retrieve a

[£],£],...,£]] € R"*? can be defined by the discrete Kan-
torovich formulation(Kantorovich 2006) as follows:

histopathological images without extensive retraining of the WEFH F)= min (P,C). (1)
diffusion model. Additionally, to address the challenge of Pell(pm,pr)
pixel-level misalignment between H&E and IHC images in Here, (P, C) denotes the Frobenius dot product of P and
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C. The matrix C > 0 € R™ " is the cost matrix
defined by C,, = C(fH fl), where C(-) is a ground
distance metric, such as [o-distance, that measures the
distance of pairwise features in F¥ and F!. The set
W(p,pr) = {PeRY"PL=py,P"1=p;} repre-
sents the marginal constraints, ensuring total mass equality
between the marginal distributions pz and py for H&E and
IHC features, respectively, where 1 is a vector of ones.

The marginal constraints of optimal transport ensure that
the H&E features are consistent with the IHC features in
terms of their global structure. Once the transport plan P
is determined, capturing the matching correspondences be-
tween H&E and THC features in the latent space, IHC fea-
tures are aligned with H&E features through F = PTF!,
After alignment, the matched real IHC features are used to
supervise the generation of virtual IHC images.

Semantic Consistency Constraint

There is rich pathological correlation information between
IHC image features. To preserve this valuable correlation in-
formation during stain transfer and improve the accuracy of
virtual IHC images, we design a semantic consistency con-
straint (SCC), thereby ensuring the consistency of patholog-
ical information between virtual and real IHC images.

Generally, prevalent fully supervised methods utilize [;-
distance to ensure the generator’s output closely matches the
ground truth, which only supervises the generation of virtual
IHC images at the local feature level, neglecting the seman-
tic correlation among features at the group level.

To model the semantic correlation among THC features
effectively, we calculate the relational function between any
two features within features of each IHC image to obtain the
correlation matrix M, representing the semantic correspon-
dences among different features. The correlation matrix M
is defined as follows:

D(f{.£]) D(E! ) D(f] f,)

. D(t].t]) DE,£) - D !

Nl — (2: i) (2: 2) ; (2: )7 @
D(E.£) D(E.£) D(f; )

where D (-, ) denotes the relational function. Here, we uti-
lize cosine similarity to calculate D (-, -).

Then, we employ the same strategy to obtain the correla-
tion matrix M for the virtual IHC feature group generated
by the one-step diffusion model. To provide more effective
semantic-level supervision for the generation of virtual IHC
images, we design a semantic consistency loss L., defined
as follows:

n n

=33

i=1j=1

C M/, — M, 3)

Under the constraint of semantic consistency, virtual IHC
features are compelled to retain the semantic correlation in-
formation present in real IHC features during generation.
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Loss Functions
OT-StainNet is trained based on the CycleGAN framework,
with loss terms including adversarial loss L,qy, cycle consis-
tency loss Leycle, identity loss Liq, and semantic consistency
loss L. The adversarial loss L,y is defined as:
Laav = Eylog Dy (y) + E; log(1 — Dy (G(z)))
+Eg log Dx () + Ey log(1 — Dx (G(y))),
where E denotes the expectation, X and Y represent the
source and target domains, respectively, G is the generator,
and D is the discriminator, which uses the CLIP (Radford
et al. 2021) model as its backbone.
The cycle consistency loss Ly ensures that the tissue

structure details of the source staining image are preserved
during stain transfer. It is defined as follows:

£cycle = Eaz [Erec (G(G(%)), .13)]

+Ey [Lree (G(G(Y)), 9)],

where L. a combination of /;-distance and LPIPS(Zhang
et al. 2018).

The identity loss Ljq ensures that the generator preserves
the images of the target domain. It is defined as follows:

Lid = Ew [Acrec (G(.ﬁ), 33)]

“4)

&)

(6)
FEy [Lree (G(y), y)] -
The total loss for OT-StainNet is expressed as follows:
ACtotal = )\advﬁadv + )\cycleﬁcycle + )\idﬁid + )\sc£507 @)

where Aadv, Acycles Aids and Ay are hyperparameters that
weight the relative importance of the various loss terms.

Algorithm 1: OT-StainNet Training Algorithm

Input: H&E image dataset X, adjacent layer IHC image
dataset Y.
Output: Optimal parameters 6 and 6p of the generator
and discriminator.
1: for each training iteration do
2:  Select an H&E image x € X and a corresponding
IHC imagey € Y.
3:  Stage 1: Update Discriminator Parameters
4:  Generate the target staining images G(x).
5:  Calculate L4y using Eq. (4) and update discriminator
parameters 6 based on backpropagation.
Stage 2: Update Generator Parameters
7: Apply the encoder to obtain H&E features F¥, adja-
cent THC features F!, and virtual THC features F?.
8:  Compute the semantic consistency loss:
a. For each H&E-IHC image pair, use optimal
transport to obtain the transport plan matrix P,
then derive the aligned real IHC features FL.
b. Compute the correlation matrices M and M
using Eq. (2). Subsequently, calculate the seman-
tic consistency loss L using Eq. (3).
9:  Compute the total loss Ly using Eq. (7) and update
generator parameters 6 based on backpropagation.
10: end for




H&E—Ki67

Datasets Methods

H&E—ER

H&E—PR H&E—HER2

SSIMT PSNRT FID| SSIMtPSNR{ FID| SSIM{PSNR{ FID| SSIM{PSNRt FID/

Pix2Pix-Turbo  0.127 15.358 102.622 0.129 15.153 82.705 0.125 15.218 85.742 0.104 14.965 94.940
CycleGAN-Turbo 0.133 14.856 82.351 0.144 14.331 47.170 0.129 13.895 94.517 0.100 13.831 107.738

CUT 0.113 14.061 41.493 0.112 13.646 46.199 0.109 13.755 40.973 0.095 13.688 40.664

MIST PyramidP2P  0.135 15.540 86.585 0.132 15.479 89.660 0.133 15.626 74.396 0.116 15.713 116.002
PRGAN 0.127 14.228 39.151 0.126 13.928 44.222 0.099 13.198 50.017 0.102 13.976 47.018

ASP 0.134 15.091 50.992 0.116 14.297 39.783 0.117 14.612 43.330 0.125 14.504 48.957

U-Frame 0.145 15.499 42.114 0.135 15.197 40.658 0.140 15.444 38.955 0.111 15.049 49.308

Ours 0.158 15.516 36.286 0.148 16.056 35.072 0.142 15.647 34.222 0.118 15.842 36.304
Pix2Pix-Turbo  0.210 18.154 203.989 0.468 20.384 152.751 0.548 25.535 190.576 0.183 12.793 105.109
CycleGAN-Turbo 0.223 18.671 54.151 0.505 20.053 57.105 0.584 25.338 76.615 0.204 13.328 57.802

CUT 0.117 18.371 31.908 0.339 15.556 65.941 0.315 13.690 162.275 0.195 13.133 53.826

[HCABC PyramidP2P  0.212 18.465 102.747 0.454 20.444 126.608 0.540 24.785 98.775 0.199 13.615 75.651
PRGAN 0.170 17.218 28.705 0.453 19.228 33.119 0.515 24.612 64.407 0.201 13.434 43.959

ASP 0.141 16.324 27.846 0.404 21.392 170.404 0.609 24.858 141.260 0.203 13.625 61.339

U-Frame 0.180 17.584 25.101 0.464 19.458 32.651 0.537 25.438 35.700 0.202 13.575 47.205

Ours 0.241 18.855 26.377 0.526 21.379 30.480 0.635 25.614 31.076 0.206 13.664 41.700

Table 1: Comparison of stain transfer performance using Pix2Pix-Turbo (Parmar et al. 2024), CycleGAN-Turbo (Parmar et al.
2024), CUT (Park et al. 2020), PyramidP2P (Liu et al. 2022), PRGAN (Zeng et al. 2022), ASP (Li et al. 2023), U-Frame (Dai,
Wong, and Wong 2023), and our method across two benchmark datasets. The best and second-best scores are indicated in bold

and underlined, respectively.

Training Details

To comprehensively describe the training process of OT-
StainNet, we present the update procedures for the discrim-
inator and generator in Algorithm 1.

Experiments and Results
Experimental Settings

Datasets We present the results of H&E to IHC stain
transfer across two benchmark datasets: MIST (Li et al.
2023) and IHC4BC (Akbarnejad et al. 2023). Both datasets
contain adjacent layer pairs of H&E and IHC-stained images
obtained from consecutive tissue sections for four different
IHC stains: Ki67, ER, PR, and HER2. For each IHC type, the
MIST dataset has approximately 4,000 patches for training
and 1,000 patches for testing; the IHC4BC dataset has ap-
proximately 20,000 patches for training and 1,000 patches
for testing. These images are resized to 256 x 256 pixels be-
fore being input into OT-StainNet. For each stain type, we
use 1,000 test images.

Implementation Details Our method is implemented in
Python using PyTorch on a computer equipped with four
NVIDIA RTX 3090 GPUs. All experiments are conducted
at an image resolution of 256 x 256 pixels. OT-StainNet
is trained for 30,000 iterations. During training, we use the
Adam optimizer with a learning rate of 1 x 1075. The hy-
perparameters in Eq. 7 are set as follows: A,gy = 0.5,
)\cycle = 10, /\id = 1, and )\sc = 1,000.

Evaluation Metrics We use several evaluation metrics to
assess the performance of H&E to THC stain transfer, includ-
ing the Structural Similarity Index Measure (SSIM) (Wang

3198

et al. 2004), Peak Signal-to-Noise Ratio (PSNR) (Hore and
Ziou 2010), and Fréchet Inception Distance (FID) (Heusel
et al. 2017).

Comparative Results and Discussion

We evaluate the performance of our method against other
state-of-the-art (SOTA) methods both quantitatively and
qualitatively using the MIST and IHC4BC datasets.

Compared Methods The methods compared in this study
can be broadly classified into two categories: 1. Diffusion-
based methods, including Pix2Pix-Turbo (Parmar et al.
2024) and CycleGAN-Turbo (Parmar et al. 2024); 2. GAN-
based methods, including CUT (Park et al. 2020), Pyra-
midP2P (Liu et al. 2022), PRGAN (Zeng et al. 2022), ASP
(Li et al. 2023), and U-Frame (Dai, Wong, and Wong 2023).

Quantitative Assessment We quantitatively evaluate the
performance of our method against state-of-the-art (SOTA)
methods using the MIST and IHC4BC datasets. All com-
parison methods were implemented strictly according to the
conditions specified in their respective papers or by utilizing
their open-source code. The results are presented in Table 1.
Our method significantly outperforms the comparison meth-
ods across SSIM, PSNR, and FID metrics, demonstrating its
effectiveness for IHC virtual staining.

Unsupervised methods such as CycleGAN-Turbo and
CUT, as well as the semi-supervised method PRGAN, ex-
hibit inferior performance in SSIM and PSNR. This is pri-
marily due to the limited supervisory information avail-
able from adjacent layer IHC images. In contrast, fully-
supervised methods like Pix2Pix-Turbo and PyramidP2P



H&E Pix2Pix-Turbo CycleGAN-Turbo CUT PyramidP2P PRGAN ASP U-Fram Ours Reference
Figure 3: Virtual IHC image results of different methods on the MIST dataset.The first column displays the H&E images.
Columns 2 to 9 show images virtually stained by different methods. The last column presents the adjacent layer real IHC
images.

perform better on these metrics. However, Pix2Pix-Turbo methods, we present the results of our method and other
and PyramidP2P require optimization of the L1 loss be- competing methods on the MIST dataset in Fig. 3. Com-
tween virtual and adjacent layer weakly paired IHC images, pared to other methods, the virtual IHC images generated
which results in poor FID performance. Although ASP and by our method most closely resemble the real IHC images
U-Frame account for the weakly paired characteristics of of adjacent layers in terms from staining intensity, patholog-
adjacent layer image pairs, they still generate virtual im- ical characteristics, and tissue structure.
ages by calculating pixel-level loss, which can lead to inac- Fig. 3 demonstrates that existing methods, such as
curacies in pathological characteristics. In comparison, our CycleGAN-Turbo, CUT, and PRGAN, generate IHC images
method achieves superior results. First, OT-StainNet estab- with inaccurate styles due to insufficient supervisory infor-
lishes accurate semantic correspondences between H&E and mation. Methods like Pix2Pix-Turbo and PyramidP2P fail to
IHC images using OTSM. Second, OT-StainNet effectively preserve the tissue structure in H&E-stained images because
supervises virtual IHC images by leveraging correlations of forced optimization of pixel-level losses between virtual
among real IHC features through SCC. images and weakly paired IHC images from adjacent layers.
Additionally, ASP and U-Frame neglect tissue misalignment
10 and deformation between H&E-IHC image pairs, leading to

virtual IHC images with erroneous pathological characteris-

£08 tics. In contrast, with OTSM and SCC, virtual IHC images

2 generated by OT-StainNet are more similar to the referenced

:)i 0.6 adjacent layer IHC images.

k- Pathology Consistency Assessment Pathologists gener-

£ 04 .. .. .

3 ally focus on the positive areas of IHC staining for image

g analysis. Therefore, the accuracy of virtual IHC images can

302 be effectively evaluated by examining the correlation be-
tween the positive area sizes of virtual IHC images and those

0.0

Pix2Pix CycleGAN CUT pyramidP2P PRGAN  ASP  U-Frame  Ours of real IHC images in adjacent layers.

“Turbo -Turbo We obtain the corresponding positive area based on the
stain characteristics of the IHC patch. For each IHC patch,
the hematoxylin channel (blue) and DAB channel (brown)
are separated by stain deconvolution. In the DAB channel,
we calculate the size of the positive area in each IHC patch
and determine the Pearson correlation coefficient between
the positive area sizes of virtual images generated by dif-
Qualitative Assessment To further explore the visual dif- ferent methods and real images in adjacent layers in the
ferences in virtual staining images generated by different IHC4BC test set, as shown in Fig. 4. The results show that

Figure 4: Pearson correlation coefficient between the size of
the positive area in virtual IHC images generated by differ-
ent methods and the corresponding real IHC images from
adjacent layers.
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Strategy H&E—Ki67 H&E—ER H&E—PR H&E—HER2
SSIMt PSNR? FID| SSIM{ PSNRtT FID| SSIM{ PSNR{ FID, SSIMt PSNR{ FIDJ
wioall 0133 14.856 82351 0.144 14331 47.170 0.129 13.895 94.517 0.100 13.831 107.738
w/o OTSM  0.138 15214 47331 0.138 15283 42488 0.120 15.013 56491 0.113 15211 55.944
w/0SCC  0.150 14.877 39.980 0.151 15.616 39.856 0.131 15352 40.176 0.107 15472 39.882
Ours 0.158 15516 36.286 0.148 16.056 35.072 0.142 15.647 34222 0.118 15.842 36.304

Table 2: The quantitative results of the effects of FMM and SCC on OT-StainNet. The best score is indicated in bold.

our method demonstrates stronger pathology consistency
between the virtual and reference images compared to other
methods.

Ablation Study and Analysis

Ours Reference

wio SCC

Figure 5: The visualization of the effects of FMM and SCC
on OT-StainNet. “w/o SCC” denotes replacing SCC with the
standard L1 loss.

The implementation of OT-StainNet primarily relies on
the OT-driven semantic matching (OTSM) mechanism and
the semantic consistency constraint (SCC). To investigate
the impact of OTSM and SCC on virtual staining perfor-
mance, we performed ablation experiments on the MIST
dataset. The results are presented in Table 2, where “w/o
SCC” denotes replacing SCC with the standard L1 loss.
Both OTSM and SCC individually enhance virtual staining
performance, with OTSM providing a more substantial im-
provement. The combination of OTSM and SCC yields the
highest stain transfer performance. This is because OTSM
establishes accurate dense semantic correspondences be-
tween H&E and IHC images, while SCC leverages the cor-
relation among real IHC features to provide more effective
semantic-level supervision for virtual THC.

To investigate the effect of OTSM and SCC in OT-
StainNet on the visual performance of virtual IHC, we
present qualitative ablation results on the MIST dataset in
Figure 5. As shown, when OT-StainNet is not constrained by
OTSM and SCC, the model cannot utilize the supervisory in-
formation provided by the adjacent layer IHC images, result-
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ing in the inability to generate accurate IHC image styles.
Adding OTSM or SCC individually improves virtual stain-
ing performance, but the virtual IHC images still exhibits
some erroneous pathological features. When OT-StainNet
incorporates both OTSM and SCC, the virtual IHC images
more closely resemble the reference adjacent layer IHC im-
ages, demonstrating the crucial role of OTSM and SCC in
enhancing the transfer performance of IHC staining.

1.0
- Ki67
e ER
= PR

0.8 m=m HER2

0.6

0.41

Pearson Correlation Coefficient

w/o FMM w/o SCC

Ours

w/o all

Figure 6: The effects of FMM and SCC in OT-StainNet on
the Pearson correlation coefficient between the positive area
sizes of virtual IHC images and adjacent real IHC images.

To further investigate the effect of OTSM and SCC on the
accuracy of positive regions in virtual IHC images, we cal-
culated the Pearson correlation coefficient between the size
of positive regions in virtual images for each IHC staining
type and the corresponding real images from adjacent lay-
ers under various experimental conditions on the IHC4BC
dataset, as shown in Figure 6. The results demonstrate that
OTSM and SCC significantly enhance the pathological con-
sistency between virtual and real IHC images.

Conclusion

In this paper, we propose a novel IHC virtual staining
method, OT-StainNet, which employs an optimal transport-
driven semantic matching (OTSM) mechanism to establish
accurate semantic correspondences between H&E and THC
image pairs that are not precisely paired at the pixel level.
This approach avoids errors in pathological characteristics
caused by optimizing pixel-level loss between synthetic and



real images, providing new insights for the histopathology
image virtual staining research community. Leveraging the
real IHC features obtained by the OTSM mechanism, we
introduce a semantic consistency constraint (SCC) to pro-
vide effective semantic-level supervision for the generation
of virtual IHC images. The OT-StainNet is not inherently
limited to specific tissue types and can, in theory, be applied
to various staining techniques, including special stains (e.g.,
MAS, PAS and PASM) and fluorescence stains. However,
the performance of OT-StainNet is related to the quality of
the dataset, and it may not be as expected when the training
images are contaminated (the cell structures in the images
cannot be clearly identified). In the future, we plan to extend
this method to various IHC stainings of other tissue types,
thereby expanding the application of OT-StainNet.
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