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Abstract

In histopathology, tissue sections are typically stained using com-
mon H&E staining or special stains (MAS, PAS, PASM, etc.) to
clearly visualize specific tissue structures. The rapid advancement
of deep learning offers an effective solution for generating vir-
tually stained images, significantly reducing the time and labor
costs associated with traditional histochemical staining. However,
a new challenge arises in separating the fundamental visual char-
acteristics of tissue sections from the visual differences induced
by staining agents. Additionally, virtual staining often overlooks
essential pathological knowledge and the physical properties of
staining, resulting in only style-level transfer. To address these
issues, we introduce, for the first time in virtual staining tasks, a
pathological vision-language large model (VLM) as an auxiliary tool.
We integrate contrastive learnable prompts, foundational concept
anchors for tissue sections, and staining-specific concept anchors
to leverage the extensive knowledge of the pathological VLM. This
approach is designed to describe, frame, and enhance the direction
of virtual staining. Furthermore, we have developed a data augmen-
tation method based on the constraints of the VLM. This method
utilizes the VLM’s powerful image interpretation capabilities to
further integrate image style and structural information, proving
beneficial in high-precision pathological diagnostics. Extensive
evaluations on publicly available multi-domain unpaired staining
datasets demonstrate that our method can generate highly realistic
images and enhance the accuracy of downstream tasks, such as
glomerular detection and segmentation. Our code is available at:
https://github.com/CZZZZ7777777777777/VPGAN-HARBOR
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Figure 1: Three auxiliary methods for virtual staining tasks
proposed by us using the VLM: (a) Learnable contrastive
prompts based on the classification task. (b) Concept anchors
design based on LLM. (c) Visual calibration based on the VLM.

1 Introduction

Histopathological examination is widely regarded as the gold stan-
dard for the clinical diagnosis of diseases [5, 27, 45]. This process
typically involves histochemical staining, which differentiates vari-
ous tissue components through distinct colors to aid in pathological
diagnosis. Routine pathological examination commonly employs
Hematoxylin and Eosin (H&E) staining to highlight tissue mor-
phology for initial diagnostic purposes. However, H&E staining
often fails to provide sufficient diagnostic information for many
diseases. Consequently, the use of special stains [32, 61] offers
critical diagnostic insights across multiple dimensions [39]. For
instance, in renal pathology, Masson’s Trichrome (MAS) staining
is utilized to distinguish collagen fibers from muscle fibers, Peri-
odic Acid-Schiff (PAS) staining is employed to better visualize the
Glomerular basement membrane, Tubular basement membrane,
and Mesangial matrix (GTM) [3, 47], and Periodic Acid-Schiff with
Methenamine Silver (PASM) staining can more clearly delineate
the GTM on the basis of PAS [8, 42]. Nevertheless, the application
of special stains generally requires more time and incurs higher
labor costs. Moreover, when patients suffer from non-neoplastic
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kidney diseases [62], liver cirrhosis [31], or other conditions, pathol-
ogists may necessitate multiple types of special stains to achieve
a more accurate diagnosis. Therefore, the development of virtual
staining technology, which reduces the costs of special stains for
both pathologists and patients while addressing the need for multi-
staining on the same tissue section, holds significant importance in
clinical practice [66, 68].

Recent advancements in generative model [11, 21, 56] technol-
ogy have also spurred progress in the image-to-image (I2I) domain
within pathology [23, 33, 39, 41]. These advances enable stain style
transfer for color normalization [7, 60] and serve as a feature en-
hancement strategy [36]. They also train effective feature extractors,
boosting performance in subtype classification [24, 43]. However,
current pathological I2I methods largely follow the technical frame-
works established in the natural image domain, focusing primarily
on style transformation while neglecting the texture and cytologi-
cal structures of pathological sections, as well as the physical and
chemical properties of staining agents. This limitation undermines
the reliability of virtually stained sections as diagnostic tools. In our
view, expecting current generative models to possess the extensive
domain knowledge and cellular-level visual discernment required
in pathology is overly demanding. Such models urgently require a
pathology expert-level "assistant" to aid them in more effectively
accomplishing virtual staining tasks.

The advent of the VLM in pathology [25, 26, 44, 57-59, 64] has
made this endeavor feasible. Empowered by millions of pathology
image-caption pairs, it possesses extensive pathological knowledge
and robust capabilities in pathological image recognition. It has
achieved state-of-the-art performance in various tasks, including
pathology image classification, segmentation, caption generation,
text-to-image synthesis, image and text retrieval. Given its role
as an expert-level assistant in clinical decision-making, providing
comprehensive support to pathologists, we aspire to extend its
all-round excellence to the field of virtual staining. The provision
of advanced pathological knowledge by the VLM is expected to
potentially ensure that virtual staining results meet medical and
chemical standards. Furthermore, intermediate staining processes
could be characterized and fine-grained visual details might be
captured through the leveraging of the VLM’s powerful multimodal
information extraction capability, potentially leading to enhanced
performance of virtual staining.

In this paper, we present three attempts to leverage VLMs for
guiding virtual staining tasks. As shown in Figure 1(a), the con-
trastive prompting tuning employs contrastive learning strate-
gies and binary classification tasks to decode and extract the rich
information embedded in pathology VLMs. This enables the system
to articulate stain differentiation and staining processes that are
typically challenging to describe in human language. The concep-
tual anchoring method as presented in Figure 1(b) generates
foundational and stain-specific concept anchors by leveraging the
rich corpora produced by Large Language Model (LLM) [1, 14]
and the information compression capabilities of pathology VLM,
guiding the "variation and invariance" during the staining process.
For these two prompting strategies, we designed the Contrastive
Prompt Transfer (CPT), Constant Concept Anchoring (CCA), and
Independent Concept Reinforcement (ICR) modules, respectively.
Together with a unpaired I2I model as baseline, these components
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form our method, the VLM-based Prompts Generative Adversarial
Network (VPGAN), which, to the best of our knowledge, represents
the first attempt to bridge GANs and pathology VLM. Additionally,
inspired by Xiong et al. [65], we argue that inference enhancement
based on DDIM [48] can effectively meet the demands of high-
resolution diagnostic tasks. However, in practice, existing methods
risk visual domain collapse (e.g. H&XE2PASM). To address this, as
illustrated in Figure 1(c), we adopted a multi-level calibration
strategy based on the VLM, successfully improving the stability
and performance of inference enhancement. Built on CLIP [52] with
ResNet101 [19], our method dynamically adjusts texture and color
details across network layers, significantly improving inference
robustness. The inference enhancement method empowered by VP-
GAN and the multi-level calibration strategy together constitute our
Histopathology stAining expeRt Based On pRompts (HARBOR).
The contribution of this paper is summarized as follows:

o Asfar as we know, our proposed VPGAN is the first GAN based
on diversified prompts from the pathological VLM, which
serves as a super assistant for virtual staining.

o We designed a VLM-based multi-level visual calibration mod-
ule to tackle data staining domain disintegration and enhance
data augmentation stability and performance.

e Our proposed method produced satisfactory images in three
virtual staining tasks and showed optimal performance under
different inference strategies, indicating it can meet diverse
scenario, cost and detection task requirements.

e Segmentation and detection accuracy across diverse glomeru-
lus datasets are improved by our method, and strong clinical
potential is demonstrated.

2 Related Work
2.1 Virtual Staining in Pathology Analysis

Virtual staining originates from the image-to-image (1) task in the
domain of natural images, aiming to accomplish the transfer of im-
age styles. With the recent surge in generative model technologies,
121 tasks have also seen significant advancements by leveraging
baseline such as GAN [11] and DDPM [21]. Due to the scarcity
and high production costs of paired data, unpaired I2I models have
demonstrated greater potential. Zhu et al. [73]designed parallel sets
of generators and discriminators to perform staining and restora-
tion on unpaired data separately, achieving commendable results.
CUT [49] introduced contrastive learning methods, successfully
simplifying the style transfer process by eliminating the need for
paired generator-discriminator combinations. Building upon CUT,
Jung et al. [28]utilized graph neural networks to identify closely re-
lated patches, optimizing the contrastive learning algorithm. Zhao
et al. [70]incorporated stochastic differential equations into I2I tasks,
achieving a breakthrough in the application of diffusion architec-
tures for unpaired image style transfer. Kim et al. [29]attempted
to leverage Schrédinger bridges to compute the optimal path for
domain transfer.

In the field of pathology, virtual staining has demonstrated sig-
nificant clinical value. A series of H&E-to-THC staining workflows
facilitate the detection of tumor markers, aiding in tumor clas-
sification and diagnosis [4, 33, 35, 41, 50, 67]. Virtual staining is
employed for tasks such as normalization [7, 20, 60] and tailing
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Figure 2: Overview of the proposed VPGAN and HARBOR. In the prompt generation phase, we employed prompt tuning method
to generate contrastive prompts based on a binary classification task. Utilizing the DeepSeek-R1, we created constant concept
anchors and independent concept anchors of different staining agents. During the training phase, we leveraged three types
of prompts and a pathological VLM to achieve the description, framing, and reinforcement of the virtual staining direction,
thereby optimizing the original virtual staining model. In the inference enhancement phase, we trained learnable denoising
prompt blocks based on structural and stylistic constraints, further improving the performance of virtual staining.

artifact reduction [22, 23, 38], enhancing the clarity of tissue sec-
tions by mitigating tailing effects and reducing batch effects in
pathological slides. Additionally, virtual staining exhibits poten-
tial as a proxy task to improve the visual perception capabilities
of models [24, 43]. Focusing on virtual staining tasks for kidney
tissue sections, Lin et al. proposed the UMDST [39] model, which
leverages multi-task learning based on stain classification and vir-
tual staining. This model can achieve style transfer across different
stains and even simulate virtual scenarios involving multiple stains.
Guan et al. [13]designed a style-guided module, showcasing ex-
ceptional performance and validating the medical significance of
virtual staining in glomerular segmentation and detection tasks.
Xiong et al. [65]concentrated on inference enhancement strategies,
utilizing the DDIM [48] architecture to achieve a leap in structural
consistency and clarity in virtual staining, thereby addressing the
challenges of high-precision medical diagnosis. However, none
of these methods incorporate the pathological VLM as a robust
assistant to provide enhanced visual recognition capabilities and
pathological knowledge, thereby improving the effectiveness of
staining.

2.2 Prompt Tuning in Vision-Language Models

As of now, the CLIP [52] architecture remains the mainstream in
the VLM and continues to play an irreplaceable role across vari-
ous visual domains. prompt tuning based on CLIP has also been

demonstrated to be an exceedingly simple yet effective strategy.
CoOp [72] and CoCoOp [71] have proven that learnable prompts
possess even greater fitting capabilities. Additionally, prompt tuning
has achieved exceptional results in tasks such as lighting adjust-
ment [37], rain and haze removal [63], image restoration [46] and
artistic style transfer [69].

The advancement of prompt tuning methods in the field of pathol-
ogy is closely intertwined with the maturation of the VLM special-
ized in pathology. Works such as CONCH [44], MUSK [64], and
PLIP [25] have constructed diverse million-scale pathology text-
image pairs, demonstrating exceptional performance. Qu et al. [51]
pioneered the application of prompt tuning on pathological images,
enhancing the few-shot classification performance of pathologi-
cal slides and catalyzing the emergence of outstanding works in
subtype classification tasks using prompt Tuning [10, 12, 15, 16,
34, 54, 55]. Liu et al. [40]achieved the first application of prompt
tuning in survival analysis by transforming continuous survival
labels into textual prompts for ordinal survival learning. To the
best of our knowledge, our proposed VPGAN and HARBOR repre-
sent the first application of prompt tuning in virtual staining and,
more broadly, in medical I2I tasks. Our remarkable performance
has been highly encouraging, suggesting that prompt tuning based
on the pathology-specific VLM has the potential to become a "super
assistant" across all tasks in the field of pathology.
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3 Method

3.1 Prompts Generation

Our method generates different prompts to leverage the pathologi-
cal knowledge of the VLM for more precise guidance on the staining
domain. Moreover, it uses learnable prompts to capture the key
information during the virtual staining intermediate process.
Learnable contrastive prompts. Contrastive learning methods [6,
17] often excel in learning the fine-grained features of data such
as images. Meanwhile, prompt tuning methods [37, 51, 71, 72] en-
hance the accuracy of image text descriptions through a learnable
process. Inspired by both, It is proven by us that it is feasible to use
the contrastive learning method to capture important information
from the intermediate steps of virtual staining and convert it into
learnable text prompts during the virtual staining process.

As shown in Figure 1(a) and Figure 2(a) for the training process
of contrastive text prompts, we use the training set data from both
the source domain images Iy € RFXW>3 and the target domain
images I; € REXWX3 of the subsequent staining task as the overall
training set. We randomly initialize a positive prompt T,, € RN*512
and a negative prompt T, € RN*>12 N represents the number of
embedded tokens in each prompt. Then, we feed the source and
target images to the image encoder @;mqge of the VLM to obtain
their latent code. Meanwhile, we also extract the latent code of the
positive and negative prompts by feeding them to the text encoder
¢rext- Based on the text-image similarity in the VLM latent space,
we use the binary cross entropy loss of classifying the source and
target images to learn the contrastive prompt pair:

Lprompt = —(axlog(a) + ((1 - a) x log(1 - a))), ()

ecos(‘bimage (D), Ptext (Tp))
a= : @)
Zie{n ) ecos(q)image (I).@zext (T;))

where I € {I;,I;} and a is the label of the current image, 0 is for
negative sample I and 1 is for positive sample I;.

Concept Anchors. In this section, we aim to generate patholog-
ical visual descriptions to serve as prior linguistic knowledge for
guiding the virtual staining task. To minimize manual effort, large
language models (LLMs) [1, 14] are employed to produce descrip-
tions related to different staining agents. Specifically, we input the
following query into the LLM: "We want to study the effects of dif-
ferent staining agents on the same liver pathological section. We will
use the histological images of human kidney at 40x magnification.
Please tell me the visual characteristics of Class staining compared
with other staining agents and the key observation areas.” Following
a similar approach, we obtain the intrinsic feature description sets
for kidney tissue sections, thereby deriving a total of five concept
knowledge sets corresponding to the four staining classes and the
intrinsic features. Ultimately, we utilized the text encoder ¢sex; of
VLM to generate the final concept anchors.

3.2 VLM-based Prompts GAN

Building upon the aforementioned learnable contrastive prompts,
the invariant concept anchors of kidney tissue sections, and the
independent concept anchors of different staining agents, we pro-
pose the VLM-based Prompts Generative Adversarial Network
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(VPGAN). This framework enhances the original GAN [11] archi-
tecture for unpaired data by meticulously characterizing the inter-
mediate staining processes, the fixed concepts of kidney tissue, and
the staining agent-specific concepts, thereby improving the overall
image generation quality. Furthermore, our VPGAN is adaptable to
any GAN architecture as an optimization method. After extensive
experimentation, we selected CycleGAN [73] as the baseline for this
paper, thereby achieving the optimal generation results. Apart from
our design, the configurations for the generator, discriminator, and
learning rate are all aligned with the original settings of CycleGAN.
Contrastive Prompt Transfer Module. Inspired by CLIP-LIT [37],
we prove that learnable contrastive prompts can achieve effective
image enhancement. Building on this, we introduce the Contrastive
Prompt Transfer Module (CPT), which decodes pathological in-
formation from the VLM to describe the intermediate staining
processes and subtle domain-specific differences in staining. To
the best of our knowledge, this represents the first application of
learnable contrastive prompts in GAN models.

Given the learnable contrastive prompts obtained from the prompts
generation step, we can train the CPT module with VLM-aware loss.
This loss is based on the contrastive differences between staining do-
mains and depicts the staining transfer process, thereby improving
the quality of virtual staining.

eCOS((I)image (I).@rext (Tn))

cos(®image (D). ®rext (T3))

Leontrastive = (©)
ie{np} €
Constant Concept Anchoring Module. In fact, the most signif-
icant difference between virtual staining and natural image style
transfer lies in the need to consider the preservation of texture
and shape, the authenticity of pathological features, and the real
physicochemical properties of staining agents. Merely achieving
the highest degree of fitting in terms of style will lead to a substan-
tial reduction in clinical efficacy. This is also the crucial reason why
a large number of evaluation metrics for virtual staining tasks place
greater emphasis on structural preservation [23, 39, 65]. In addi-
tion, the inherent properties in imaging, such as the magnification
of the slices and the imaging equipment used for the dataset, are
also taken into account. As described in the prompt generation, we
leverage the powerful capabilities of DeepSeek-R1 [14] and online
searches to obtain relatively accurate descriptions, and manually
remove parts with factual errors caused by LLM hallucinations.
Next, the goal of Constant Concept Anchoring Module (CCA)
is to quantify the invariance between the pre-staining images
Ipre € RHXWX3 and the post-staining images Ipost € RHXWX3,
To this end, we generate the concept of renal slice invariance, de-
noted as R'312 which is derived by first generating conceptual
descriptions via the LLM and subsequently transforming them into
textual embeddings through the VLM. We use CPT’s method to mea-
sure image-text correspondence with cosine similarity, obtaining
cosine similarities Spre and Spost for subsequent concept invariance
analysis. The formula is as follows:

Spre = ecos(q)image (Ipre).®text (Tconstant))’ (4)

Spost = ecos(d)image (Ipust),‘btext (Tconstant)) . (5)

Subsequently, to ensure the invariance of the constant concept
before and after staining, we employed the Mean Squared Error
(MSE) loss function to calculate the mean of the sum of squared
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Figure 3: We demonstrate a fine-grained verification process
based on the VLM on the H&E2PASM task, enabling the pro-
gressive and successful verification of the staining domains.

differences between the cosine similarities Sy, and Spos; before
and after staining, thereby completing the delineation of the virtual
staining range. The formula for the constant concept loss function
Lconstant 1s as follows:

Lconstant = ”Spre - SPOSt”Z . (6)

Independent Concept Reinforcement Module. The staining
effects are aimed to be further enhanced by us by leveraging the
independent concept anchors of staining agents generated by LLM.
Based on textual prompts from VLMs, more microscopic details that
are difficult to capture in conventional GANs can be obtained, such
as the staining effects of specific agents on cell nuclei in pathological
slides. It is important to emphasize that certain "shortcut” prompts
that quickly deceive the discriminator (e.g. black streaks produced
by PASM staining) will be eliminated, as their use would undermine
our goal of achieving fine-grained textual prompts and instead
exacerbate overfitting in style transfer. The final selected textual
prompts for the four staining agents are collectively represented
as R¥12 after being encoded into text embeddings by the VLM.
Subsequently, we compute the cosine similarity Ss;4in between
the stained image Ipos; and the textual prompts Ts;qin containing
information about the four types of staining agents (H&E, MAS,
PAS, PASM). Based on the inherent preprocessing method and
computational rules of the CE loss, we perform a four-class proxy
task to ensure that the stained image Ijos; approximates the target
staining domain as closely as possible. The formula is as follows:

Sstain = ecos(cbimage(Ipost),q)text(Tstain))’ (7
p = softmax(Sstain), ®)
1 m
Lotain = =7, ) (one = hol)p, - log(p). ©
i=

where p represents the result of normalizing the similarity Sszgin-
We use one — hot encoding to describe the category of the virtually
stained image, which is consistent with the category of the target
staining domain. In summary, the loss function of VPGAN is as
follows, where a, f8, and y are the hyperparameters therein:

Ltrain = Lnarmal + aLcontrastive + ﬁl:constant + Y'Estain- (10)

3.3 Inference Enhancement

Dual-Path Inference (DPI) [65], based on DDIM [48], achieves in-
ference enhancement. It has been demonstrated that this method
improves the integrity of pathological tissue structures and signifi-
cantly reduces the distortion of virtually stained images. However,
it carries a substantial risk of staining domain collapse. To address
this issue, we introduce fine-grained structural verification based
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on the VLM, which successfully resolves the problem of staining do-
main collapse and further enhances performance. The progressive
correction effects are illustrated in Figure 3.

Inference Enhancement Baseline. We adopted the same settings
as DPI and pre-trained a DDIM with a step size of 50. As a result, we
can obtain the noisy image Xy, at the k-th step based on DDIM for
the original image Ir. Similarly, we can get the intermediate noisy
image Yy, for the image Ipos; after virtual staining by VPGAN.
The recurrence formulas for X = {Xtv P (R (RN tho} and
Y ={Y,. Y. Y. - Yty } in DDIM are as follows:

X, — VT aeo( Xy, k. Cs)
T +meg(&k,k, Cs),
(11)

+m69(ytk’ k, CE)~

(12)
The diffusion model’s conditional variables are denoted as Cs and
Cr, where Cgs represents the source domain category conditional
variable, and Cg represents signifies the absence of additional con-
ditional variables to mitigate errors in the style trajectory. €y is
a neural network controlled by the parameter 0, and the main
function of this network is to predict noise.

Our objective is to augment each stained image by in proper
order training Z = {th Zty Lt Zfso}’ an initially zero-
initialized empty prompt map, which serves as an additional noise
prompt to achieve the effect of data augmentation. Z is trained
based on the SSIM structural constraint of X and the MSE stylization
constraint of Y. The formula is as follows:

th+1 = V41 (

Yy — V1 - Y.k, C
/™ =\/@( i k<o (Ve .

M

50 Z(Usz OXyy, + c1) X (UZthtk +c2)
Lstrucl = Z

= 3 , (13)
= (o7, + %Xy + Cl)("Z:k OXyy, +C2)
50
Lstyte = Z ”ka - J/tk”z' (14)
k=0

Among them, Xy, and 0z, are the variances of Xy, and Z;,
OZy Xey is their covariance.

We denoise and restore Y based on the cues from Z to obtain the
enhanced image I, pance € RTTXY 3. The formula is as follows:

Vi =Yy + Zuy. (15)

Y — N1 —areq (Y, . k.Cr)
y* ,c — ~ k k
(Y, Cr) = Va1 N 16)

+ 41— ar_169(Y;,. k. Cr),

where the i/ function represents conditional sampling, and Cr rep-
resents the target domain label. Finally, I ,,ance i Obtained.

Structural Verification based on the VLM. Without altering the
DDIM-based inference enhancement framework, we aim to leverage
the powerful capabilities of VLMs to address the issue of staining
domain degradation. Since the focus here is primarily on correcting
structural and color-related aspects, we employ CLIP [52], a general-
purpose VLM, rather than pathology-specialized VLMs such as
CONCH. For the visual encoder @;jmage, we utilize ResNet101 [19],
which allows us to extract intermediate layer features for detailed
corrections, thereby resolving staining domain degradation and
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Table 1: Comparison of different methods on H&XE2MAS,H&E2PAS and H&E2PASM datasets. The parts with a

represent zero-cost inference methods, and the best results are marked in red. The parts with a represent
inference enhancement methods, and the best results are marked in blue.
\ H&E2MAS H&E2PAS H&E2PASM
Method
| SSIMf  CSST  MS-SSIMT PSNRT ~ FID | SSIMT CSST MS-SSIMT PSNRT  FID | SSIMT CSST MS-SSIMf PSNRT  FID
CycleGAN [73] | 0.7824 0.8336 07843 1571 13317 | 0.8654 0.8888  0.8914  17.12 149.81 | 0.5490 0.6391 04013  10.54  140.44
CUT [49] 07075 07519  0.8090 1603 12564 | 0.7157 07337  0.8496 1665 103.02 | 0.2914 03180 03293  10.14 103.9
UGATIT [30] | 0.6091 0.6322  0.8412 1624 15248 | 0.5658 0.5793  0.8542 1670 111.04 | 0.3680 0.4013 03024 1096 13672
UNSB [29] 06224 0.6773 07823 1438 120.13 | 0.6648 0.6752  0.8701 183 11246 | 02849 03119 02938 1039  87.54
PatchGCL [28] | 0.3677 0.4199  0.6777 1199 12373 | 0.4940 05039  0.8011 1646  91.99 | 0.2346 02573  0.2623  10.04  95.37
GramGAN [13] | 0.6260 0.6767  0.8073 1477 17583 | 0.6938 0.7096 08739  17.12 154.06 | 0.5088 05653  0.5327 1217 17481
UMDST [39] 07514 07864  0.8571  17.16  187.99 | 0.7762 07958 09254  17.12 15406 | 0.5845 0.6276 05432 1223 129.59
VPGAN(Ours) | 0.8158 0.8648  0.8526 1649 11206 | 0.9173 09339 09457  19.06 13295 | 0.6650 0.7372  0.5997  12.65 125.28
DPI [65] 0.8971 0.9040 09278  20.86 193.94 | 0.8935 0.8883 09508  22.25 15747 | — = —— — -— -
HARBOR(Ours) | 0.9063 09149 09312  21.02 15294 | 0.9302 09343 09643  23.64 154.09 | 0.6736 0.7323  0.6498 1330 13277

v oA,
PatchGCL

i ) Rories
CycleGAN CuTt UGATIT

Unpaired Style GT
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Figure 4: The performance comparison of various existing methods and our proposed method for multiple stain transfer of the

same H&E-stained image.

further enhancing the robustness and performance of the inference
enhancement. The loss function is as follows:
50 4

Leativration = Y, 81 [hage (Zox) = hmage o), 7)

k=0 1=0

where J; is the weight of the I-th layer of the image encoder in
the ResNet101 CLIP model. Finally, our inference-enhanced loss
function is as follows:

(18)

p and A all adjustable parameters. Details of hyperparameter set-
tings in our method can be found in the supplementary materials.

Lenhance = IlLStruct + (1 - ,U)Lstyle +ALcalibration

4 Experiments and Results

4.1 Datasets and Experiment Setup

Datasets. As depicted in Figure 5, we evaluated the performance of
our method on three open-source datasets. Following the settings
of UMDST [39] and DPI [65], we obtained and partitioned ANHIR
dataset [2] slices stained with H&E, MAS, PAS, and PASM, enabling
model training and performance validation. On the GS [13] dataset,
the virtual staining effect on glomerular detection and segmentation
at the ROI level was examined by us adhering to the GramGAN
setup. For the KPIs dataset [9], we normalized PAS slices across
different disease categories according to its data settings, thereby

(a)
Paired GS
ROI Dataset

(b)
Unpaired KPIs
Patch Dataset

Figure 5: Overview of Downstream Task Datasets

enhancing the performance of glomerular object detection at the
patch level. Please refer to the supplementary materials for all
specific details of dataset division and preprocessing.

Evaluation Metrics. In this experiment, we employed five met-
rics to comprehensively evaluate the performance of pathological
image translation. First, the Structural Similarity Index (SSIM) was
used to measure the similarity in luminance, contrast, and structure
between images. Second, the Contrast Structural Similarity (CSS)
focused on assessing the preservation of contrast and structural de-
tails. Additionally, the Multi-Scale Structural Similarity (MS-SSIM)
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evaluated both fine details and global structures through multi-
scale analysis. Meanwhile, the Peak Signal-to-Noise Ratio (PSNR)
quantified the noise and distortion levels in the images. Finally,
the Fréchet Inception Distance (FID) assessed the distribution con-
sistency between generated and real images in the feature space.
These metrics ensured a thorough and reliable evaluation of the
results from multiple perspectives. Our approach achieved state-of-
the-art (SOTA) performance across multiple metrics, validating the
effectiveness of the proposed method.

Implementation Details. Our method is implemented in PyTorch
and trained on a workstation with 8 NVIDIA H100 GPUs. We
adopted CycleGAN [73] as the baseline for training VPGAN, setting
the batch size to 1 and training for 50 epochs. During the inference
enhancement phase, we utilized DPI [65] as the baseline. The data
preprocessing methods, optimizer, and learning rate settings were
kept consistent with the baseline. The remaining hyperparameter
configurations are detailed in the supplementary materials.

4.2 Comparison Results

VPGAN and HARBOR were compared with previous unpaired im-
age translation and virtual staining methods by us. Given the sub-
stantial computational cost and time overhead of the DDIM-based
inference enhancement technique (requiring 5-10 minutes for in-
ference enhancement on a single 256 X 256 image), we deemed it
necessary to separately evaluate zero-cost inference methods and
inference enhancement methods. This approach further validates
the versatility of our method across diverse scenarios.

Zero-Cost Inference Methods. We selected CycleGAN as the
baseline for VPGAN and compared it with various two-domain un-
paired image translation methods such as CUT [49], UGATIT [30],
UNSB [29], and PatchGCL [28], as well as multi-domain unpaired
image translation methods like GramGAN and UMDST. As shown
in Table 1 and Figure 4, VPGAN achieved SOTA performance across
12 metrics on three datasets compared to other zero-cost inference
methods, and also demonstrated the best visual quality. It is clearly
evident that compared to the baseline CycleGAN, our method ef-
fectively addresses its limitations in the transitional style trans-
fer for the H&E2PASM and H&E2MAS tasks. By leveraging VLM-
based prompt constraints, VPGAN achieves remarkable results that
faithfully adhere to the staining characteristics of pathological im-
ages. Both CUT and PatchGCL demonstrate structural artifacts,
and the PatchGCL method entirely collapses in the H&E2MAS task.
GramGAN exhibits noticeable blurring at the edges of the images
and irregular stains in the H&E2PASM task, which contradicts
the physical properties of the staining agents. In contrast, UNSB
and UMDST perform slightly worse in terms of image clarity and
structural preservation. The diversity of issues encountered with
other methods underscores the versatility of VLMs as a virtual
staining assistant, playing a significant role in various aspects such
as pathological knowledge guidance and structural preservation.
Inference Enhancement Methods. Our method, HARBOR, in
comparison to the baseline DPI, has further rectified the deviation
in the style domain. In the H&E2PASM task, it successfully repaired
the complete collapse of the DPI staining domain (manifested by
the emergence of irrelevant green colors), and in the H&E2MAS
task, it also addressed the issue of green residual shadows in the cell

Preprint, 2025,

nuclei. In addition, visual calibration based on the VLM also enables
HARBOR to achieve the SOTA performance in all indicators among
inference enhancement methods. Compared to VPGAN, HARBOR
better demonstrates the texture and veins of the images. This is
due to the original images’ texture cues and VLMs’ strong visual
discrimination. This may be the underlying reason for its superior
performance over VPGAN across multiple metrics.

4.3 Ablation Study on VPGAN

As shown in Table 2 and Table 3, we conducted a series of ablation
studies on each module of VPGAN and the underlying VLM assis-
tants. These studies demonstrated the necessity of each module
and enabled the selection of the Best VLM for the staining task.

Module Ablation of VPGAN. We investigated the functions and
necessity of the CPT, CCA, and ICR modules in VPGAN, as shown
in Table 2. Excitingly, the results on three datasets indicate that
the functions of these modules are complementary rather than
simply a superposition of performance. It can be observed that the
enhancement of fixed style domains is achieved by the ICR module,
which is also reflected in the general improvement of the FID metric.
The CPT module is capable of representing complex intermediate
coloring processes, leading to performance enhancements across
multiple metrics. The CCA module, when used alone for structural
invariance correction, may even yield results inferior to the base-
line. However, when combined with other modules that describe
the coloring process and reinforce specific coloring domains, it
collectively achieves superior outcomes. This conclusion is quite
intriguing. Drawing an analogy to our daily lives, an assistant who
only points out what cannot be done might be quite frustrating. Yet,
after summarizing the specific workflow and key tasks, appropriate
regulations and reminders can further enhance work efficiency.

Performance Differences across VLMs. Due to differences in
data sources, data volume, and training methods, VLMs may exhibit
performance variations in virtual staining tasks. We conducted a
comparative analysis of the effectiveness of CLIP [52] on natu-
ral images and pathology-specialized models such as PLIP [25],
MUSK [64], and CONCH [44] on VPGAN across three datasets:
H&E2MAS, H&E2PAS, and H&E2PASM. As shown in Table 3, the
experimental results demonstrate that CONCH achieves the opti-
mal performance on VPGAN. Based on the experimental results,
we observed that CLIP even leads to a performance degradation
compared to the baseline, which may stem from its inherent incom-
patibility with medical texts and staining tasks. The performance
differences between PLIP and other pathology-specialized VLMs
are attributed to its slightly inferior data volume and quality, which
is also reflected in VLM-based subtype classification and survival
analysis tasks. CONCH and MUSK demonstrated comparable re-
sults, but CONCH exhibited more balanced outcomes, likely due to
its training data sources. Consequently, we selected CONCH as the
VLM for our method, as it achieved the best average performance.

4.4 The Optimal Interval of the Calibration

In contrast to the reasoning enhancement component in H&E2PASM,
we observed that on H&E2MAS, reasoning enhancement exhibits
a more pronounced effect within a certain range of the correction
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Table 2: An ablation study was conducted on the CPT, CCA, and ICR modules in the VPGAN. All the research was carried out
on H&E2MAS, H&E2PAS, and H&E2PASM. The best values are highlighted.

Module | H&E2MAS H&E2PAS H&E2PASM
CPT CCA ICR | SSIM] CSST MS-SSIMT PSNR] ~ FID | SSIM] CSST MS-SSIM] PSNR]  FID | SSIMT  CSST MS-SSIMT PSNR!  FID
- - - | 07824 0833 07843 1571 13317 | 0.8654 0.8888  0.8914 1712 149.81 | 05490 0.6391  0.4013 1054 14044
v - - | 07964 08574  0.8335 1535  121.83 | 0.8729 08926  0.8907 1852 14320 | 05447 06422  0.4342 1027 13888
- v - | 07686 08375  0.8321 1480 12410 | 0.8601 0.8813  0.8931 17.92  147.93 | 05236 0.6144  0.3732 1050 140.06
- - v/ | 07599 08310  0.8180 1466  109.41 | 09031 09234 09219 18.27 13402 | 0.5858 0.6541 04214 1151 143.79
N - | 07763 08618  0.8411 1580 13545 | 0.8839 0.8812  0.8923 18.84 15331 | 0.6278 06972  0.6069  11.97  151.22
v - v/ 107993 08520 08416 1559 12243 | 09102 09081  0.9414 18.02 14016 | 0.6495 07031 05734 1257  127.65
- v/ | 07450 08061 07983 1528 11373 | 0.8592  0.8932  0.8864 1731 137.84 | 0.5901 0.6528  0.4370 1152 13218
/v | 08158 08648 08526 1649 11206 | 0.9173 0.9339  0.9457  19.06 132.95 | 0.6650 0.7372  0.5997  12.65 125.28

Table 3: Comparison of different VLMs’ effect on H&E2MAS, H&E2PAS and H&E2PASM datasets. The best values are highlighted.

VM | H&E2MAS H&E2PAS H&E2PASM

| SSIMT ~ CSST  MS-SSIM{ PSNR? ~ FID | SSIM{  CSST MS-SSIM{ PSNRT ~ FID | SSIM{  CSST MS-SSIM! PSNRT  FID
CLIP [52] 07215 07531 07309 1620  155.34 | 0.8336 08528  0.8817 17.04 14598 | 05827 0.6465 04835  11.89  143.08
PLIP [25] 0.7776  0.8567  0.8217 1512 114.03 | 0.8745 0.8866  0.9000 1823 14129 | 0.6591 0.6922 05075 1093  139.67
MUSK [64] | 0.8259 08624  0.8670  16.71 13043 | 0.8854 0.8871  0.9202 1895 15322 | 0.6437 07052  0.6214 1242  127.42
CONCH [44] | 0.8158 0.8648  0.8526 1649 112.06 | 0.9173 0.9339  0.9457  19.06 132.95 | 0.6650 0.7372 05997  12.65 125.28

Table 4: Search for the optimal value of the hyperparameter
A for calibration in the H&E2MAS task.

Asetting | SSIMT  CSST  MS-SSIM PSNRT  FID

A =10.00 0.8794  0.8942 0.9254 19.86 197.52
A =0.0005 | 0.8797 09023  0.9231 2012 173.20
1=0001 |0.9063 09149 09312  21.02 15294
A =0.005 0.8925 0.9010 0.9219 20.83 147.94
A=001 | 08738 09048  0.9283 2007  142.83
A=10.05 0.8682 0.8700 0.8928 19.53 230.78

Al

)\ = 0.0005 A =0.01

A = 0.001 A = 0.005

VLM Calibration Loss

Figure 6: Unlike H&E2PASM, H&E2MAS correction shows
post-staining domain re-collapse from over-correction, ne-
cessitating exploration of the optimal correction interval.

loss function compared to H&E2PAS and H&E2PASM tasks. How-
ever, when the constraint properties become excessively strong,
it leads to a secondary collapse in the staining domain, resulting
in an unrealistic bright pink color. This intriguing phenomenon
necessitates the search for the optimal hyperparameter A in the
correction loss function on the H&E2MAS dataset, guiding the
reasoning enhancement to the optimal staining range.

Table 4 demonstrates the effects of reasoning enhancement un-
der different A settings in the H&E2MAS task. It can be observed
that, within a certain parameter range, the calibration loss function
effectively corrects the collapse in the style domain, which is also
reflected in the continuous decrease of the FID score. At A = 0.001,
the optimal structural correction result is achieved, along with a

Table 5: We use MAP@[0.50:0.95] to evaluate the accuracy of
ROI-level glomeruli detection and segmentation.

Tasks H&E PASM PAS MAS
(real) (generated) (generated) (generated)

Detection 0.543 0.559 0.548 0.546

Segmentation | 0.567 0.581 0.574 0.528

Table 6: Patch-level glomerulus segmentation accuracy.

Method ‘ Average Merge Normalization by VPGAN
Unet [53] ‘

87.93 87.12 88.57

style correction result that approximates the optimal outcome. The
optimal range for correction is derived from our experiments. Inter-
estingly, when the A used for correcting the color domain is greater
than or equal to 0.05, another type of collapse in the color domain
occurs. This indicates that the correction process based on the VLM
is dynamic, and granting the "assistant" too much power can lead
to disastrous results.

4.5 Downstream Tasks

Our model’s superior performance in multi-scale glomerular detec-
tion and segmentation on ROI and patch-level datasets was vali-
dated. Due to significant color and pathological differences among
DS, KPIs, and ANINR datasets, we trained and tested each sepa-
rately, maintaining consistent preprocessing and training. Given
DDIM’s size constraints, we conducted downstream experiments
only on VPGAN, showcasing our method’s clinical value.

ROI-level glomerular detection and segmentation. The GS
dataset, a paired human kidney slice dataset with four virtual stain
registrations and manually annotated glomerular masks, was uti-
lized to validate the ROI-level performance of VPGAN. Following
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the methodology of GramGAN, H&E was virtually stained into
MAS, PAS, and PASM, and glomerular detection and segmentation
were implemented using Mask R-CNN [18]. As shown in Table 5,
VPGAN-based virtual staining significantly enhances detection and
segmentation performance, particularly in the H&E2PASM task.
Patch-level glomerular segmentation. We performed patch-
level glomerulus segmentation following KPIs, using four PAS-
stained viral sub-datasets with distinct color variations, as shown
in Figure 5(b). We hypothesized VPGAN normalization could im-
prove segmentation, validated in Table 6. Average reflects mean test
results from separate sub-dataset training, merge represents com-
bined dataset training results, and normalization denotes pre-merge
VPGAN data normalization, highlighting our method’s potential.

5 Conclusion

In summary, we have introduced a novel unpaired slice virtual
staining model designed for the virtual staining of pathological im-
age slices. Our approach employs multiple Vision Language Model
(VLM)-based prompts to achieve staining domain delineation and
enhancement that aligns with actual pathological characteristics. It
is crucial to highlight that we are the first in the pathological field
to utilize contrastive learning methods to describe the complexity
information in the staining process, thereby enhancing the staining
effects. Additionally, we have provided a VLM-revised inference en-
hancement scheme to mitigate the risk of staining domain collapse.
Our method has demonstrated the effectiveness of VLM-assisted
virtual staining tasks and has been proven to serve as a data aug-
mentation method for downstream tasks, such as glomerulus detec-
tion and segmentation. Importantly, the boundaries of VLM-based
pathological prompt tuning tasks have been expanded by us, and
more prompt schemes in virtual staining have been showcased.
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A Dataset Description

Stain Dataset. In the ANHIR dataset [2], there are five sets of
high-resolution tissue slides of the human kidney. Each set has four
successive slides of the same tissue stained with different types
of stain: H&E, MAS, PAS, and PASM. We use four sets (Patient 1,
Patient 2, Patient 3, and Patient 4) as the training set and one set
(Patient 5) as the testing set. Following the settings in UMDST [39]
and DPI [65], H&E stained samples from Patient 1 were excluded
from training due to large color and staining differences in the slices.
Each slide is cropped into a series of 256 X 256 patches with an
overlap of 192, where the background regions (saturation<15) are
discarded, and all remaining patches are used to train and test our
model. There are 40,258 patches in the training set (7,688 for H&E,
12,132 for MAS, 1,1458 for PAS, and 8,980 for PASM), and 8,070
patches in the testing set (1,989 for H&E, 2,062 for MAS, 1,900 for
PAS, and 2,119 for PASM). All methods are trained on the training
set and tested on the test set. This also ensures that the epochs and
iterations are the same, enabling a more fair comparison.
Downstream Tasks Dataset. We tested the performance of our
method on two glomerular detection and segmentation datasets,
GS [13] and KPIs [9], under different levels of images and various
tasks. On the GS dataset, referring to the dataset settings in Gram-
GAN, we divided the dataset into a training set and a test set at
a ratio of 4:1. We randomly extracted patches of different sizes,
ranging from 200x200 to 1,000x1,000, to test the performance of
virtual staining in the object detection task at the ROI level. On
the KPIs dataset, we adhered to the initial settings of the dataset.
We achieved color difference normalization of PAS-stained mouse
slices under four states: 56NX, DN, NEP25, and Normal, to improve
the performance of detection and segmentation.

B Baseline Detail
B.1 DeepSeek-R1

Based on comprehensive considerations of performance, cost ef-
ficiency, and other factors, we selected DeepSeek-R1 [14] as the
large language model (LLM) for concept anchoring generation. We
attribute the success of our approach to its several key advantages:

First, it demonstrates exceptional role-playing capabilities, ef-
fectively adopting the professional perspective of a pathologist in
its text outputs. Second, its web search functionality not only ad-
dresses the prevalent hallucination issues in the medical domain
but also enables a more contextually appropriate grasp of data
and task-specific nuances. In fact, medical data, and even clini-
cal scenarios, often exhibit strong regional specificity, shaped by
complex factors such as geographical conditions, climate, and so-
ciocultural environments. The web search feature allows the model
to approximate the localized expertise of physicians. Finally, we
must commend the model’s robust reasoning capabilities, which
empower DeepSeek-R1 to deliver more comprehensive descriptions
of stains or pathologies, encompassing a wealth of nuanced details.

B.2 CycleGAN

The following constraints are satisfied by two mappings, Gap :
A — Band Ggy : B — A, parameterized by neural networks,

which are used by the CycleGAN model [73] to estimate these
conditionals. First, the output of each mapping should match the
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empirical distribution of the target domain, when marginalized over
the source domain. Then, mapping an element from one domain
to the other, and then back, should produce a sample close to the
original element. The former technique serves as the cornerstone of
all generative adversarial networks (GAN) [11]. Mappings G4p and
Gpa are given by neural networks trained to fool adversarial dis-
criminators Dg and D 4, respectively. Enforcing marginal matching
on target domain B, marginalized over source domain A, involves
minimizing an adversarial objective with respect to G4p:

L8 ,5(Gap. D)= E [logDp(b)]+ E [log(1 - Dp(Gag(a)))],

b~pq(b) a~pg(a)

(19)
while the discriminator Dg is trained to maximize it. A similar
adversarial loss Lé A N(GB 4, D4) is defined for marginal matching
in the reverse direction.

Cycle-consistency enforces that, when starting from a sample
a from A, the reconstruction a* = Gga(Gapg(a)) remains close to
the original a. For image domains, closeness between a and a* is
typically measured with L; or L, norms. When using the L; norm,
cycle-consistency starting from A can be formulated as:

LA, (Gap,Gpa) = . pE(a) IGBA(GaB(a)) - all; - (20)
~Pd

And similarly for cycle-consistency starting from B. The full Cycle-
GAN objective is given by:

L8 N (Gpa,Da) + LE | (Gap, Dp)+

(21)

VLA, (Ga,Gpa) + vLE, (Gap, Gsa),

where v is a hyper-parameter that balances between marginal
matching and cycle-consistency.

CycleGAN’s success can be attributed to the complementary

roles of marginal matching and cycle-consistency in its objective.

Marginal matching enforces realism per domain.

B.3 DDIM Inversion

DDIM [48] utilizes an implicit non-Markovian process for sample
generation, differing from DDPM [21] which relies on a Markovian
chain. This non-Markovian approach enables accelerated sampling
through step-skipping in the reverse diffusion process. The core
reverse-process equation of DDIM is expressed as:

Xt — V1 - areg(xy, t))
var

+V1—a;-1€9(xs, 1),

X \/ﬁ( (22)

€ is the network predicting noise at each step.
The inversion process involves running the DDIM sampling
process in reverse, which can be formulated as:

x; — V1 - are9(xy, t))
Var

+vV1 — (Zt+1€9(Xt, t).

X+1 = V41 ( (23)

We denote €} as the groundtruth of prediction.To enhance the
inversion process, consider the following modifications:

) 1
XO:X;+(a——1)a, o >0, (24)
t

€o(xs,t) = €y(xs,t) +0, o0 >0. (25)
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In non-conditional DDIM inversion, larger time steps help reduce
error since error decreases as ¢t increases. The process works by
iteratively applying the equations to trace the sample back to its
original noise vector.

C Experimental parameter settings

Most parameter settings have already been configured in the code.
Please refer to the code content for details. To ensure fair com-
parison and demonstrate optimal performance, we follow all pa-
rameter settings of the baseline [65, 73]. Some hyperparameters in
our method may have different numerical values depending on the
dataset, as shown in the table 7 below.

Table 7: The hyperparameter values of our method on various
datasets.

hyperparameter setting ‘ H&E2MAS H&E2PAS H&E2PASM

a 30 50 30
B 0.1 0.1 0.1
Y 0.1 0.1 0.1
i 0.05 0.55 0.8
A 0.001 0.001 0.05

D Limitation and Future Work

D.1 Limitation

Inference Time Burden. Although our inference enhancement
achieves strong performance, DDIM still incurs substantial com-
putational overhead even with just 50 sampling steps, requiring
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5-10 minutes to enhance a single 256x256 image. This imposes
a prohibitive time burden for whole-slide image (WSI) staining
enhancement. We experimented with several acceleration methods
for diffusion models, but all led to degraded inference quality.

ResNet CLIP not Specialized for Pathology. Our stain normal-
ization method leverages multi-level MSE based on ResNet101 [19]
CLIP [52], an approach that is difficult to replicate with ViT-based
architectures like CLIP, CONCH [44], or MUSK [64]. We attribute
this advantage to ResNet’s hierarchical structure, which effectively
captures diverse visual features across different scales. However,
a notable limitation is that all current pathology-specific vision-
language model (VLM) adopt ViT architectures. This prevents di-
rect comparison between natural image optimized ResNet CLIP and
pathology specialized ResNet encoders, where the former excels in
color perception while the latter better understands histopathology.

D.2 Future Work

We aim to explore the greater potential of VLMs and Diffusion mod-
els in pathological downstream tasks, extending to more diverse
staining or other tasks, while seeking tighter integration methods
between the two technologies.

On the other hand, we also look forward to implementing more
diverse multimodal data fusion approaches, where images, text,
bulk RNA-seq data, spatial transcriptomics, and other information
can be synergistically integrated to achieve superior results.
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