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Abstract: Virtual staining converts label-free autofluorescence (AF) images into hematoxylin and eosin (H&E)-like brightfield
contrast for nondestructive pathology. We adapt the unpaired neural Schrödinger bridge (UNSB) framework to AF-to-H&E
virtual staining and develop an enhanced UNSB (E-UNSB) model for pathology-oriented image translation. E-UNSB retains the
unpaired, unidirectional, and progressive stochastic transport formulation of UNSB while introducing pathology-specific struc-
tural regularization to preserve cellular morphology and tissue architecture. In particular, saliency constraints and global feature
consistency provide multi-scale structural guidance to reduce distortion during staining generation. Experiments demonstrate
improved distributional similarity and morphometric consistency over the evaluated unsupervised baselines. Quantitative down-
stream analysis further indicates that virtual H&E images retain morphometric features relevant to pathological assessment,
supporting their potential for high-throughput multimodal tissue analysis.
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1 Introduction

Histopathological examination using hematoxylin and
eosin (H&E) staining is a cornerstone of clinical diagnosis,
providing essential morphological information (Feldman and
Wolfe, 2014). This is often complemented by immunohisto-
chemistry (IHC), which provides insights into molecular ex-
pression patterns. However, conventional acquisition of these
stains presents several challenges: it is labor-intensive, time-
consuming, and, most importantly, destructive. This destruc-
tive nature precludes tissue reuse for multimodal analysis,
necessitating the use of adjacent sections that rarely align
perfectly. Such spatial mismatch complicates the precise co-
localization of morphological features with their underlying
molecular profiles, a key objective in modern pathology. The
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contrast between this conventional destructive workflow and
a nondestructive computational alternative is illustrated in
Fig. 1.

Virtual staining has emerged as a transformative, non-
destructive alternative that leverages optical imaging and ar-
tificial intelligence to computationally generate histological
stains from digital images (Yang et al., 2022; Bai et al.,
2023; Kreiss et al., 2023; Zhang RR et al., 2024; Zhang SW
et al., 2024; Huang JH et al., 2025). Pioneering work by
Rivenson et al. (2019) demonstrated the feasibility of translat-
ing label-free autofluorescence (AF) images into diagnostically
useful H&E-stained images. This concept has since evolved
into a broad field of research encompassing diverse label-free
modalities, including fluorescence lifetime imaging, quantita-
tive phase imaging, and stimulated Raman scattering (SRS)
(Abraham et al., 2020, 2023; Wang Q et al., 2022; Cao et al.,
2023; Liu et al., 2024; Zhang SW et al., 2024). Recent ad-
vances in wide-field interferometric scattering microscopy have
further enabled label-free mapping of subcellular dynamics
through spectral exponent analysis, highlighting the poten-
tial of computational label-free imaging to reveal biologically
relevant structures and dynamic processes without exogenous
staining (Anyi et al., 2026). Beyond label-free synthesis, the
field has also explored stain-to-stain transformations, including
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Fig. 1 Traditional staining requiring destructive chemical processing (a) and the proposed E-UNSB framework generating
nondestructive virtual H&E and exploratory IHC-like images (b)

the generation of virtual special stains and IHC-like marker vi-
sualizations conditioned on H&E morphology. Although these
approaches may provide complementary cues for exploratory
analysis, they require rigorous reliability assessment and cell-
level validation before clinical use (de Haan et al., 2021; Bai
et al., 2022; Pati et al., 2024).

A central challenge for many of these approaches, par-
ticularly supervised methods, is their reliance on precisely
registered, pixel-paired images, which are laborious and of-
ten impractical to acquire. This limitation has motivated the
adoption of unsupervised image-to-image translation methods.
Frameworks such as CycleGAN (Zhu et al., 2017) and its re-
cent variant for image restoration (Guo et al., 2026) establish
a foundation for unpaired translation by enforcing cycle con-
sistency, while subsequent models such as contrastive unpaired
translation (CUT) (Park et al., 2020) introduce contrastive
learning for more efficient one-sided translation. More broadly,
unsupervised contrastive representation learning has demon-
strated strong performance in histopathological image clas-
sification, supporting the use of contrastive objectives to ex-
tract pathology-relevant features from unlabeled images (Wang
XY et al., 2022). To address the limitations of one-to-one
mappings, multimodal unsupervised image-to-image transla-
tion (MUNIT) (Huang X et al., 2018) disentangles content
and style to enable multimodal outputs. Other methods have
enhanced structural fidelity: geometry-consistent generative
adversarial network (GcGAN) (Fu et al., 2019) imposes ge-
ometry consistency under spatial transformations, unsuper-
vised content-preserving transformation for optical microscopy
(UTOM) (Li XY et al., 2021) incorporates saliency consistency
for microscopy images, and Santa (Xie et al., 2023) regularizes
translation using a shortest-path hypothesis to reduce arti-
facts. These generative adversarial network (GAN)-based ap-
proaches have also been applied to virtual staining, including
H&E generation from fresh-tissue SRS data and more advanced
frameworks such as value mapping generative adversarial net-
work (VM-GAN) (Wang JJ et al., 2025). Despite their util-
ity, GAN-based methods are susceptible to training instability,
mode collapse, and limited fidelity. Consequently, the field has
increasingly explored more robust alternatives. Probabilistic
generative models, particularly diffusion models, have emerged
as promising alternatives with improved stability and fidelity,
and have recently been applied to tasks such as pixel-super-

resolved virtual staining (Qiu et al., 2024; Zhang YJ et al.,
2025).

A notable recent development in this direction is the
Schrödinger bridge (SB) model (Kim et al., 2024). Grounded in
optimal transport theory, SB provides a principled alternative
to the rigid, one-step mappings commonly used in GAN-based
image translation. Rather than enforcing an abrupt domain
shift, SB learns a progressive stochastic transport process that
iteratively transforms a source image toward the target distri-
bution. This gradual evolution may improve stability and is
particularly appealing for histopathology, where preservation
of fine biological structures during domain transformation is
essential.

This motivation is particularly relevant to AF-to-H&E
translation, which is not a generic style-transfer problem but a
morphology-preserving cross-modality transport task. AF and
H&E images can be viewed as distinct observations of the same
underlying tissue microarchitecture, captured through differ-
ent contrast-generation mechanisms. Accordingly, the desired
transformation should alter domain-specific appearance while
preserving diagnostically critical structures, including glandu-
lar boundaries, nuclear organization, and stromal architecture.
From this perspective, SB provides a well-matched formulation
because it explicitly models translation as progressive stochas-
tic transport between source and target distributions rather
than as a direct mapping. However, despite its theoretical ap-
peal, this framework has not yet been fully adapted to the spe-
cific requirements of virtual pathology, where faithful preser-
vation of diagnostically relevant morphology is paramount.

To address this gap, we develop an enhanced unpaired
neural Schrödinger bridge (E-UNSB) for AF-to-H&E virtual
staining. We adapt the UNSB framework to virtual stain-
ing by leveraging its unpaired, unidirectional, and progres-
sive stochastic transport mechanism for pathology-oriented
image translation and incorporating morphology-preserving
regularization tailored to histopathological structures. These
pathology-specific constraints are designed to reduce structural
distortion and pathological inconsistencies that may arise dur-
ing conventional GAN-based translation and diffusion-based
generation while preserving diagnostically relevant features,
including nuclear morphology, glandular boundaries, and stro-
mal organization.

Our main contributions are threefold. (1) We adapt the
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UNSB framework to unsupervised AF-to-H&E virtual stain-
ing, demonstrating its suitability for morphology-preserving
cross-modality translation in digital pathology. (2) We in-
troduce pathology-oriented structural regularization, including
saliency guidance and global feature consistency, to improve
the preservation of nuclei, glandular boundaries, and stromal
organization during virtual staining. (3) We provide com-
prehensive empirical validation against representative unsu-
pervised baselines, demonstrating improvements in perceptual
quality, structural fidelity, and morphometric consistency, to-
gether with an exploratory evaluation of IHC-like prediction.

2 Methods

2.1 Framework overview

The E-UNSB framework (Fig. 2) performs unsupervised
image-to-image translation by learning the dynamics of an
SB. It progressively transforms a source-domain image into
a target-domain representation by iteratively refining the im-
age state along a stochastic transport path. This process is
governed by a time-conditional generator and a PatchGAN
discriminator (Isola et al., 2017). Architecturally, E-UNSB
employs a unidirectional design comprising a single time-
conditional generator, one discriminator, and an auxiliary
energy network, whereas CycleGAN uses bidirectional trans-
lation with two generators and two discriminators. Conse-
quently, E-UNSB has fewer trainable parameters during train-
ing (20.98 × 106 vs. 28.29 × 106 trainable parameters) while
directly targeting the AF-to-H&E mapping.

2.2 Implementation details

2.2.1 Time-conditional generator

The generator is implemented as a U-Net comprising eight
downsampling and eight upsampling blocks connected by skip
connections. Each encoder block uses 4× 4 convolutions with
a stride of 2, followed by LeakyReLU activation and instance
normalization, with the number of channels increasing from
64 to 512. The decoder symmetrically upsamples the feature
maps using transposed convolutions.

Time conditioning maps each time step ti ∈ [0, 1] to a
high-dimensional embedding using Fourier features followed
by a multilayer perceptron (MLP). This embedding is injected
into multiple U-Net layers to condition the generation process
on the transport time. Noise conditioning maps a Gaussian
noise vector z to affine parameters (γ, β), which modulate
residual blocks to enhance output diversity. The generator is
defined as

Gφ(Xti , ti,z), (1)

where φ denotes the generator parameters, Xti is the interme-
diate image state at time ti, and z is a sampled noise vector.

2.2.2 Discriminator

The discriminator is implemented as a PatchGAN com-
prising stacked 4×4 convolutions with a stride of 2, LeakyReLU
activations, and instance normalization. It produces a score
map over local receptive fields. The discriminator is denoted
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Fig. 2 Overview of the E-UNSB framework. E-UNSB learns Schrödinger bridge dynamics to progressively transform
images through iterative refinement. In the contrastive-loss branch, z+ denotes the positive patch sampled at the
corresponding spatial location, whereas z−

1 , z−
2 , and z−

3 denote negative patches randomly sampled from other spatial
locations of the large image. These patch labels are distinct from the Gaussian noise vector z used to condition the
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by Dψ. The adversarial loss is defined as

LAdv(φ,ψ, ti) = Ey∼pB [logDψ(y)]

+ Ex∼pA,z [log(1−Dψ(Gφ(Xti , ti,z)))],
(2)

where ψ denotes the trainable parameters of the discrimina-
tor, E[·] denotes mathematical expectation with respect to the
indicated sampling distribution, and log denotes the natural
logarithm. pA and pB denote the probabilities of samples in
the source domain and target domain, respectively.

2.2.3 Auxiliary energy network

Following the original UNSB formulation (Kim et al.,
2024), E-UNSB uses an auxiliary time-conditional energy net-
work Eη during training to estimate the entropy term in the
Schrödinger bridge objective. At each bridge time ti, it applies
a log-sum-exp objective to contrast a positive transition pair,
formed by the current state and its generated prediction, with
a negative pair from an independently-sampled training patch.
The network is optimized using Adam and is omitted during
inference, which requires only the generator.

2.2.4 Loss function

1. Schrödinger bridge path loss. To account for the un-
paired setting, the path regularization is defined at the distri-
bution level using independently-sampled source- and target-
domain images, x ∼ pA and y ∼ pB, rather than a pixel-paired
ground-truth target for each source image:

LSB(φ, ti) = Ex∼pA, y∼pB, z
[‖Gφ(Xti , ti,z)− y‖22

]

− C(ti)H(Gφ(Xti , ti, z)) ,
(3)

where H(·) denotes the entropy term, C(ti) = ti(1 − ti), and
‖ · ‖22 denotes the squared L2 (Euclidean) norm.

2. Contrastive regularization loss. To improve local struc-
tural fidelity, we introduce a contrastive regularization loss
based on the PatchNCE objective used in CUT. The underly-
ing principle is to treat features at corresponding spatial loca-
tions as positive pairs, while features from different sampled
spatial locations are treated as negative pairs.

For feature layer l, let fq
l (s) denote the projected query

feature at spatial location s, and fk
l (s

′) denote the projected
key feature at spatial location s′. Both feature vectors are
�2-normalized before similarity computation. The exponential
similarity score is defined as

al(s,s
′) = exp

(
(fq
l (s))

T fk
l (s

′)
τNCE

)

, (4)

where τNCE is the dimensionless temperature parameter used
in the noise-contrastive estimation (NCE) objective.

For each sampled spatial location s, the PatchNCE loss
at feature layer l is defined as

�l,sNCE = − log
al(s, s)

al(s,s) +
∑

s′∈Sl, s
′ �=s

al(s, s′)
. (5)

The final contrastive regularization loss is obtained by
averaging the PatchNCE loss over all selected feature layers
and sampled spatial locations:

LNCE =
1

|Llayers|
∑

l∈Llayers

1

|Sl|
∑

s∈Sl

�l,sNCE. (6)

Here, Llayers denotes the set of selected feature layers,
and Sl denotes the set of sampled spatial locations at layer l.
The term al(s, s) corresponds to the positive pair, consisting
of the query feature and key feature extracted from the same
spatial location. In contrast, al(s, s′), where s′ �= s, represents
a negative pair in which the query feature is compared with a
key feature from a different sampled location. By maximizing
the relative similarity of positive pairs to negative pairs, this
loss encourages local structural consistency and helps preserve
fine image details.

3. Saliency consistency loss. To preserve structural con-
sistency under the unidirectional E-UNSB formulation, we im-
pose a forward-only saliency consistency constraint between
the source AF image and its translated H&E image. Following
UTOM (Li XY et al., 2021), saliency maps are constructed
from channel-averaged image intensities using differentiable
intensity-threshold operators:

Ta(a) = σ(ka (ā− α)) , (7)

Tp(G(a)) = 1− σ
(
kp
(
G(a)− β

))
, (8)

where a denotes the source AF image, G(a) denotes its gen-
erated H&E prediction, and ā and G(a) denote their channel-
averaged intensities. The operators Ta and Tp denote the
saliency mappings for the AF input and prediction, respec-
tively. α = −0.451 and β = 0.725 are the intensity thresholds,
σ(·) denotes the sigmoid function, and ka = kp = 100 con-
trol the transition sharpness for the AF and prediction. The
opposite sigmoid directions account for the difference in con-
trast polarity between the two imaging domains. The saliency
consistency loss is defined as

Lsaliency = Ea∼pA
[‖Ta(a)− Tp(G(a))‖1

]
, (9)

where ‖·‖1 denotes the L1 norm. The threshold and sharpness
parameters, as well as the saliency-weighting strategy, follow
the empirical implementation of UTOM (Li XY et al., 2021).
These parameters are fixed for all training and test images.
During training, the contribution of the saliency term is grad-
ually reduced using the same exponentially decaying weighting
strategy.

4. Global feature consistency loss. To preserve global tis-
sue organization during image translation, we enforce feature
consistency between the source image and its translated output
using a pretrained feature space. Let φl(·) = V lpt(·) denote the
feature maps extracted from layer l of a pretrained VGG16 net-
work. Let Nl = ClHlWl denote the total number of elements
in the feature map at layer l, with Cl, Hl, and Wl denoting
the number of channels, height, and width, respectively. The
normalized feature discrepancy at layer l is defined as

dl(a) =
1

Nl
‖φl(a)− φl(G(a))‖22 . (10)

The global feature consistency loss is then formulated as

LFeat(G) = Ea∼pA

⎡

⎣ 1

|Lfeat|
∑

l∈Lfeat

dl(a)

⎤

⎦ , (11)

where Lfeat denotes the set of VGG16 layers used for feature
extraction. The ImageNet-pretrained VGG16 network is used
solely as a structural regularizer rather than for pathological
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diagnosis. Its intermediate features are intended to encourage
preservation of global tissue organization, while pathology-
pretrained encoders such as CTransPath will be investigated
in future work.

5. Total objective. The overall training objective com-
bines all loss components:

Ltotal = LAdv + λSBLSB + λNCELNCE

+ λSalLsaliency + λFeatLFeat.
(12)

Here, λSB, λNCE, λSal, and λFeat denote the weights assigned
to the corresponding loss terms. The relative weights of the SB
and NCE terms follow the original UNSB setting (Kim et al.,
2024). The feature and saliency loss weights are selected such
that their weighted magnitudes are approximately comparable
to those of the other structural regularization terms during
training. The final weights are set to λSB = 10, λNCE =

1, λSal = 2, and λFeat = 10, and are kept fixed across all
experiments.

We employ an alternating optimization scheme for train-
ing on unpaired datasets. The model is optimized using the
Adam optimizer with β1 = 0.5 and β2 = 0.999, an initial
learning rate of 2 × 10−4, and a 100-epoch training schedule.
The learning rate is linearly decayed over the final 50 epochs.
Training uses a batch size of 4 and a bridge step number of
N = 5 corresponding to five neural network function evalua-
tions, with a PatchNCE temperature of τ = 0.07.

For large-image inference, each input image is processed
using an overlapping sliding-window strategy. Images are di-
vided into 256×256-pixel tiles with a stride of 128 pixels in both
spatial directions, resulting in 50% overlap between adjacent
tiles. Each tile is independently translated by the trained gen-
erator. During reconstruction, predictions from overlapping
tiles are aggregated using a center-weighted blending window,
assigning greater weights to pixels near the tile centers and
lower weights near the tile boundaries. The overlapping pre-
dictions are then normalized by the accumulated weights to
obtain the final output image, which is cropped to the original
dimensions when padding is applied. This strategy reduces
abrupt transitions and grid-like seams associated with direct
concatenation of non-overlapping patches, although residual
artifacts may persist in regions with strong intensity variations
or highly heterogeneous tissue structures.

2.3 Evaluation metrics

We use two standard distributional metrics for image gen-
eration: Fréchet inception distance (FID) and kernel inception
distance (KID) (Heusel et al., 2017; Bińkowski et al., 2018).
Unlike pixel-level metrics such as the structural similarity in-
dex measure (SSIM), which require paired ground-truth im-
ages, FID and KID enable evaluation of perceptual similarity
and distributional alignment in unsupervised virtual staining.
Both metrics compare feature distributions of real and gener-
ated images extracted using a pretrained Inception-v3 network.
All images are normalized to [−1, 1] before feature extraction.
FID measures the Fréchet distance between Gaussian approx-
imations of the real and generated feature distributions:

FID = ‖μr − μg‖22 + Tr
(
Σr +Σg − 2(ΣrΣg)

1/2
)
, (13)

where μr and Σr (μg and Σg) denote the feature means and
covariance matrices for the real (generated) features, respec-
tively. Lower FID values indicate closer alignment between the
generated and reference feature distributions.

KID measures the squared maximum mean discrepancy
(MMD) between the real and generated feature distributions:

KID = Ex,x′∼pr [k(x, x
′)] + Ey,y′∼pg [k(y, y

′)]

− 2Ex∼pr,y∼pg [k(x, y)],
(14)

where k(·, ·) is a kernel function and pr and pg denote the real
and generated feature distributions, respectively. KID provides
an unbiased estimator of MMD and is less sensitive to sample
size than FID.

3 Results

To comprehensively evaluate E-UNSB, we structured
the experiments into two stages. First, we evaluated the
primary AF-to-H&E (AF→H&E) translation task through
benchmarking and ablation studies. Second, we conducted
an exploratory feasibility study of H&E-conditioned IHC-like
appearance prediction.

3.1 Datasets and baselines

The primary AF-to-H&E experiments were conducted us-
ing the UTOM dataset (Li XY et al., 2021; Li X, 2023). The
dataset comprised 20 tissue cores, each represented by one
AF image and one H&E image, yielding 40 modality-specific
images, corresponding to 20 AF-H&E tissue–core pairs. Be-
fore patch extraction, the 20 tissue–core pairs were divided
into 14 training pairs and 6 test pairs. AF and H&E images
from the same tissue core were assigned to the same subset,
ensuring that no patches derived from the same tissue core
were shared between the training and test sets. Pair infor-
mation was used solely for dataset partitioning and was not
provided as paired supervision during model training. All
20 tissue–core pairs were included without additional inclu-
sion or exclusion criteria. After patch extraction, 5372 AF
patches and 5568 H&E patches were obtained. For the ex-
ploratory H&E-to-IHC-like translation task, we used the EM-
PaCT prostate datasets (Karkampouna and Kruithof-de Julio,
2023; Pati et al., 2024) for the CD146 and NKX3.1 markers.
For each marker dataset, 20 parent images were similarly di-
vided into 14 training images and 6 test images before tiling
into 256 × 256-pixel patches. Random flipping and cropping
were used for data augmentation.

E-UNSB was compared with SynDiff (Özbey et al., 2023),
Santa, CUT, UTOM, CycleGAN, GcGAN, and MUNIT. All
methods used the same data splits, input resolution, prepro-
cessing, augmentation, and test sets, while each baseline was
trained using its official or recommended configuration.

3.2 Analysis on AF-to-H&E translation

1. Qualitative performance. We first evaluated E-UNSB
on the challenging task of translating AF images into vir-
tual H&E images. As shown qualitatively in Fig. 3, the
generated images exhibited high visual fidelity while preserv-
ing diagnostically relevant morphological features relative to
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the reference H&E images. E-UNSB preserved overall tissue
architecture and fine-grained cellular morphology, including
nuclear–cytoplasmic contrast and well-defined glandular and
stromal interfaces.

Benchmark comparisons (Fig. 4) show that E-UNSB pro-
duced visually realistic images with few apparent artifacts.
Santa achieved the second-best qualitative performance but

AF E-UNSB

100 μm

20 μm 

100 μm 

20 μm 

Ground truth

Fig. 3 Experimental results of E-UNSB for AF-to-H&E
translation. Representative AF inputs (left), E-UNSB
outputs (middle), and reference H&E images (right) are
shown. E-UNSB preserves tissue architecture and cellular
morphology

SynDiffE-UNSB Santa

25 μm 

CycleGANUTOM

25 μm 

GcGAN MUNIT

100 μm 

Ground truth
Ground truth
E-UNSB
CUT

Santa GcGAN
UTOM MUNIT

CUT

H channel OD E channel OD
Ground truth
E-UNSB
CUT

Santa GcGAN
UTOM
CycleGAN

MUNIT
SynDiff

CycleGAN SynDiff

Fig. 4 Performance comparison. Top: representative
images with enlarged regions of interest; Bottom: pixel-
density curves for hematoxylin (H) and eosin (E) OD, show-
ing that the E-UNSB distribution is more closely aligned
with those of the reference H&E images. The vertical axis
represents the probability density, and the horizontal axis
represents the pixel OD

exhibited slightly reduced textural sharpness. SynDiff gen-
erated visually realistic cellular structures; however, its cyto-
plasmic staining was less consistent with the reference H&E
images, resulting in weaker nuclear–cytoplasmic contrast in
some regions. CUT produced generally plausible results but
exhibited subtle blurring. Other methods showed more pro-
nounced deficiencies; notably, MUNIT exhibited an apparent
failure in color mapping, with an inversion of the characteristic
nuclear and cytoplasmic colors. Pixel-density analysis (Fig. 4
bottom) further suggests that the E-UNSB output distribu-
tion was more closely aligned with those of the reference H&E
images.

2. Quantitative performance. As shown in Table 1, E-
UNSB achieved the lowest mean FID and KID among the com-
peting methods, with an FID of 75.27 and a KID of 18.1×10−3 .
The diffusion-based SynDiff baseline achieved an FID of 79.54
and a KID of 20.8×10−3 . Compared with SynDiff, E-UNSB re-
duced the mean FID by 5.37% and the mean KID by 12.98%,
indicating closer distributional alignment with the reference
H&E images under the specified evaluation protocol. Santa
achieved the second-lowest mean FID and KID, whereas meth-
ods exhibiting greater visual degradation, such as MUNIT, also
showed larger distributional distances.

Table 1 Quantitative comparison on the AF-to-H&E trans-
lation task

Method FID ↓ KID (×10−3) ↓
E-UNSB 75.27 ± 3.76 18.1 ± 0.9
Santa 76.26 ± 3.12 19.5 ± 0.7
UTOM 78.65 ± 2.94 20.3 ± 0.8
CycleGAN 79.11 ± 2.85 21.6 ± 0.8
SynDiff 79.54 ± 3.89 20.8 ± 1.3
CUT 81.02 ± 2.73 26.6 ± 1.0
GcGAN 82.81 ± 2.67 28.1 ± 1.1
MUNIT 85.77 ± 3.25 31.2 ± 1.2
Lower FID and KID indicate better distributional similarity to reference
images. Values are reported as mean ± standard deviation across three
evaluation subsets. The best results are in bold

3. Downstream task validation. To assess morphometric
consistency, we performed downstream analysis using QuPath
(Bankhead et al., 2017; Belaldavar et al., 2024). As shown in
Fig. 5, the distributions of quantitative morphological features
extracted from E-UNSB virtual H&E images showed the clos-
est overall alignment with those extracted from the reference
H&E images. E-UNSB achieved the smallest mean absolute
Cohen’s d (0.0953) and the lowest mean Wasserstein distance
(0.7360) among the compared methods. Here, the absolute Co-
hen’s d is a standardized effect-size measure of the difference
between the virtual and reference H&E feature distributions;
a value closer to zero indicates closer agreement. Notably, E-
UNSB showed close agreement with the reference H&E images
for key morphological metrics, including mean cell hematoxylin
optical density (OD) and the nucleus-to-cell area ratio.

To directly assess the contribution of the proposed struc-
tural constraints, we included the original UNSB baseline in
the downstream validation, as shown in Table 2. Compared
with UNSB, E-UNSB reduced the mean absolute Cohen’s d
from 0.1215 to 0.0953 and the mean Wasserstein distance from
1.7282 to 0.7360. E-UNSB also achieved lower mean absolute
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Fig. 5 Downstream morphometric validation using QuPath. Violin plots show the distributions of nine quantitative
features and their agreement between virtual and reference H&E images: (a) cell eosin OD mean; (b) cell hematoxylin OD
mean; (c) cell area; (d) nucleus eosin OD mean; (e) nucleus hematoxylin OD mean; (f) nucleus area; (g) cytoplasm eosin
OD mean; (h) cytoplasm hematoxylin OD mean; (i) nucleus-to-cell area ratio. The vertical axes show the corresponding
feature values

Table 2 QuPath-based downstream morphometric
validation

Method Cohen’s d ↓ Wasserstein distance ↓
E-UNSB 0.0953 0.7360
UNSB 0.1215 1.7282
SynDiff 0.1340 1.3310
CycleGAN 0.1374 1.3379
CUT 0.1741 1.3887
Santa 0.2039 1.4415
GcGAN 0.2610 0.7820
UTOM 0.2793 1.3571
MUNIT 0.3006 1.5338
Absolute Cohen’s d and Wasserstein distance were calculated separately
for each of the nine quantitative features and then averaged across
features. Lower values (↓) indicate better agreement with the reference
images. The best results are in bold

Cohen’s d and mean Wasserstein distance than the diffusion-
based SynDiff baseline, which yielded values of 0.1340 and
1.3310, respectively. These results suggest that the proposed
pathology-specific structural regularization improves not only
distributional similarity as measured by FID and KID but
also quantitative morphological consistency with the reference
H&E images.

3.3 Pathologist subjective evaluation

To assess perceived staining quality, we conducted a
blinded reader study using an independently acquired breast
cancer dataset collected in our study and publicly released on

Zenodo (Ye and Sun, 2025). The dataset and its pathological
application were further described by Sun et al. (2026). The
study included 20 breast cancer tissue sections. For each sec-
tion, four corresponding images were prepared: one reference
H&E image and three virtual staining images generated by
different methods, yielding 80 images for evaluation.

Before evaluation, all images were randomly reordered,
and three experienced pathologists were blinded to image
source. Each image was independently rated on a five-point
Likert scale (1–5) across four criteria: nuclear staining detail,
intercellular matrix staining detail, cytoplasmic staining detail,
and overall staining quality.

Representative comparisons are shown in Fig. 6. Com-
pared with CycleGAN and Santa, E-UNSB produced virtual
H&E images with more realistic staining appearance, clearer
nuclear structures, and better-preserved tissue morphology,
resulting in greater visual similarity to the reference H&E
images.

The quantitative scoring results are summarized in
Table 3. Reference H&E images received the highest mean
scores across all four criteria and served as the real-image
comparator. Among the virtual staining methods, E-UNSB
consistently received the highest ratings and showed the clos-
est scores to those of the reference H&E images across all
evaluated criteria.

For each tissue section and staining method, scores from
the three pathologists were averaged. Differences among the
four image groups were assessed using the Friedman test.
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Ground truth E-UNSB CycleGAN Santa

Fig. 6 Representative visual comparison on the indepen-
dently acquired breast cancer dataset used for blinded
pathologist evaluation. From left to right: reference H&E
image and virtual staining results generated by E-UNSB,
CycleGAN, and Santa

Table 3 Blinded evaluation of staining quality on 20 breast
cancer tissue sections by three pathologists (mean scores)

Method Nuclear Matrix Cytoplasm Overall

Reference H&E 3.07 3.05 3.10 3.06
E-UNSB 2.86 2.73 2.78 2.80
CycleGAN 2.24 2.20 2.27 2.24
Santa 2.11 2.08 2.14 2.10

When the overall test was significant, pairwise comparisons
between E-UNSB and each other virtual staining method were
performed using paired Wilcoxon signed-rank tests with Holm
correction. E-UNSB received the highest scores among the
evaluated virtual staining methods and significantly outper-
formed CycleGAN and Santa across all four criteria (all ad-
justed p < 0.01). Inter-rater agreement was assessed using the
intraclass correlation coefficient.

Overall, E-UNSB received the highest pathologist ratings
among the evaluated virtual staining methods and produced
images with the greatest perceived similarity to the reference
H&E images.

3.4 Ablation and robustness studies

1. Ablation studies. We evaluated the contributions of the
auxiliary structural constraints, as shown in Fig. 7. The origi-
nal UNSB exhibited limited translation fidelity. Adding global
feature consistency improved preservation of overall structural
organization, whereas saliency guidance enhanced the preser-
vation of fine-grained nuclear structures. The complete E-
UNSB achieved the best visual alignment and the lowest FID
and KID values among the evaluated variants. Notably, re-
moving the NCE loss substantially slowed model convergence.
During the early stages of training, cellular structures were
poorly preserved, and substantially more epochs were required
for the model to reach a stable and visually plausible solution.
This observation suggests that NCE provides an important reg-
ularization effect that facilitates convergence and contributes
to structural consistency during image translation.

As shown in Table 4, the complete E-UNSB achieved the
lowest FID and KID among all ablation variants. Compared
with the original UNSB baseline, E-UNSB reduced FID from
86.86 to 75.27 and KID from 26.5×10−3 to 18.1×10−3 . Remov-
ing global feature consistency or saliency guidance degraded
performance, whereas removing NCE resulted in the largest
performance decrease. These results support the effectiveness
of the proposed structural regularization terms in improving
the distributional similarity of UNSB-generated images to real
H&E images.

E-UNSB
y

UNSB+feature UNSB
100 μm 

20 μm 

96 0.027
0.025
0.023
0.021
0.019
0.017

91
86
81
76
71

FID KID

E-UNSB
UNSB+saliency
UNSB+feature
UNSB

UNSB+saliencyGround truth

Fig. 7 Ablation study results: visual comparison of refer-
ence H&E images, ablation variants, and their correspond-
ing FID and KID scores

Table 4 Quantitative ablation results for E-UNSB
components

Method FID ↓ KID (×10−3) ↓
E-UNSB 75.27 ± 3.76 18.1 ± 0.9
w/o feature consistency 79.78 ± 3.21 21.3 ± 1.0
w/o saliency guidance 78.10 ± 3.08 20.8 ± 0.9
w/o NCE loss 87.53 ± 3.64 27.4 ± 1.2
UNSB 86.86 ± 3.52 26.5 ± 1.1
Lower FID and KID indicate better distributional similarity to reference
images. Values are reported as mean ± standard deviation across three
evaluation subsets. The best results are in bold. w/o: without

2. Effect of bridge step number. We further investi-
gated the effect of the bridge step number N on AF-to-H&E
translation, as shown in Fig. 8. As N increased from 1 to
5, both FID and KID improved substantially, with FID de-
creasing from 80.95 to 75.27 and KID from 26.4 × 10−3 to
18.1 × 10−3. This trend suggests that progressive transport
can facilitate a smoother cross-domain transition and improve
structural preservation relative to a one-step mapping.

When N was further increased to 7 (9), the performance
gains became marginal. FID decreased only slightly, from
75.27 to 74.87 (74.69), while KID changed from 18.1 × 10−3

to 17.8 × 10−3 (17.9 × 10−3). In contrast, inference time in-
creased steadily, from 21.5 ms at N = 5 to 26.2 and 30.5 ms
at N = 7 and N = 9. These results suggest that the benefits
of increasing the number of bridge steps diminish beyond a
moderate trajectory depth. Accordingly, N = 5 provided a
favorable trade-off between translation quality and computa-
tional efficiency and was adopted as the default setting in all
experiments.

3. Robustness analysis. We compared E-UNSB with
CycleGAN and CUT across different training data scales
(Table 5). On the tiny-scale dataset containing 1000 patches,
E-UNSB achieved FID and KID values that were 6.51% and
10.06% lower than those of CycleGAN, respectively, indicating
greater robustness to reduced training data availability.
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Fig. 8 Effect of bridge step number N on AF-to-H&E
translation. Performance improved with N up to 5, while
larger N provided marginal gains at higher inference cost

Table 5 Robustness comparison across different training
data scales

Scale
E-UNSB CycleGAN CUT

FID KID (×10−3) FID KID (×10−3) FID KID (×10−3)

Base 75.27 18.1 79.11 21.6 81.02 26.6
Mid 80.97 21.9 87.38 28.9 89.67 28.0
Tiny 87.70 28.6 93.81 31.8 91.21 30.4

3.5 Exploratory study: IHC-like prediction

We further conducted an exploratory qualitative and
distribution-level quantitative study of IHC-like marker pre-
diction conditioned on H&E morphology. As shown in Figs. 9
and 10, E-UNSB generated patterns that were qualitatively
consistent with the reference images at the regional level,
including endothelial-like patterns for CD146 and nuclear-
like staining for NKX3.1. These results are intended to be
hypothesis-generating and require rigorous validation, partic-
ularly given the imperfect correspondence between the input
H&E and reference IHC images.

H&E E-UNSB (CD146) Reference

100 m

100 m

20 m

20 m

Fig. 9 Experimental results of H&E-to-CD146-like stain-
ing translation. E-UNSB produced endothelial-like staining
patterns at the regional level despite minor misregistration

H&E E-UNSB (NKX3.1) Reference

100 m

100 m

Fig. 10 Experimental results of H&E-to-NKX3.1-like stain-
ing translation. E-UNSB produced nuclear-like staining
patterns that were qualitatively consistent with the refer-
ence at the regional level

Table 6 Distribution-level quantitative evaluation of
E-UNSB for H&E-to-IHC-like prediction

Marker FID ↓ KID (×10−3) ↓
CD146 35.57 ± 1.78 12.2 ± 0.5
NKX3.1 29.22 ± 1.91 10.4 ± 0.7
Lower FID and KID indicate better distributional similarity to reference
images. Values are reported as mean ± standard deviation across three
evaluation subsets

To complement the qualitative assessment, we evaluated
the distributional similarity between the generated and real
IHC images using FID and KID. As summarized in Table 6,
E-UNSB achieved an FID of 35.57 ± 1.78 and a KID of
(12.2±0.5)×10−3 for CD146. For NKX3.1, E-UNSB achieved
an FID of 29.22±1.91 and a KID of (10.4±0.7)×10−3 . These
results indicate distribution-level similarity between the gener-
ated IHC-like images and the corresponding real IHC images
under the present evaluation protocol.

4 Discussion

In this study, we adapted the UNSB framework to un-
supervised virtual staining and developed E-UNSB by incor-
porating pathology-oriented structural constraints. Unlike
generic image translation, virtual staining requires changes
in image appearance while preserving diagnostically relevant
morphology. To address this requirement, we integrated
contrastive regularization, saliency consistency, and global fea-
ture consistency into the progressive Schrödinger bridge trans-
port process to promote local structural correspondence, em-
phasize salient tissue regions, and reduce large-scale structural
distortion.

Under the evaluated datasets and experimental protocol,
E-UNSB achieved lower FID and KID values and closer mor-
phometric agreement than the selected GAN-based methods
and the diffusion-based SynDiff baseline. In the blinded reader
study, E-UNSB received higher ratings than CycleGAN and
Santa. The bridge step analysis further showed that increasing
the number of transport steps improved distributional met-
rics up to a moderate trajectory depth, supporting the use
of progressive transport as a potentially effective strategy for
cross-modality image translation with structural preservation.
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The exploratory H&E-to-IHC-like experiments suggest
that E-UNSB can capture statistical associations between tis-
sue morphology and marker-related staining patterns. How-
ever, tissue morphology does not uniquely determine molecular
expression. Therefore, the generated IHC-like images should
be interpreted as exploratory visual estimates rather than sub-
stitutes for experimentally acquired IHC.

Several limitations remain. The iterative bridge process is
computationally more expensive than single-step GAN-based
methods, and the current validation covers a limited range of
datasets, tissue types, imaging conditions, and staining tar-
gets. The method may also produce generation artifacts or
hallucinated structures, particularly in regions with abrupt
or substantial intensity variations in the AF input. In addi-
tion, the intensity-based saliency constraint may be sensitive
to differences in image acquisition and normalization across
devices. More extensive multi-center and cross-device valida-
tion is therefore required before broader clinical applicability
can be assessed.

As with other generative virtual staining methods, visu-
ally plausible outputs may contain spurious nuclei, altered tis-
sue boundaries, missing cellular components, or false-positive
and false-negative staining patterns. Accordingly, virtual
staining results should be interpreted cautiously and should
not be regarded as direct replacements for conventional histo-
logical or molecular assays. Future work should include sys-
tematic failure case analysis, uncertainty estimation, assess-
ment of rare-structure preservation, and cell- or lesion-level
validation using accurately registered reference images when
available.

5 Conclusions

E-UNSB extends UNSB to pathology-oriented virtual
staining by combining progressive transport with local and
global structural regularization. Across the evaluated datasets
and protocols, E-UNSB improved distributional similarity,
morphometric consistency, and pathologist-perceived staining
quality relative to the evaluated baselines, while warranting
further validation of robustness, generalizability, and failure
modes.
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