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Abstract. Probe-based Confocal Laser Endomicroscopy (pCLE) en-
ables real-time in vivo optical biopsies. However, acquiring large-scale,
high-quality pCLE images is prohibitively expensive and technically com-
plex, causing severe training data scarcity. Furthermore, when applied
to pCLE image generation, existing cross-modal translation models con-
sistently introduce artifacts and cellular structure distortions. To ad-
dress this, we propose Y-diff, a novel generative framework translating
widely accessible H&E-stained pathology images into the scarce pCLE
modality with high fidelity, providing robust data support for compu-
tational pathology. Y-diff innovatively introduces a knowledge distilla-
tion mechanism into this task paradigm, efficiently decoupling the learn-
ing of pCLE-domain textures from that of H&E pathology staining do-
main spatial structures. Specifically, a Teacher model captures distinct
pCLE optical textures via color encoding, while a Student model ex-
tracts and distills this knowledge under strict H&E spatial constraints.
Extensive experiments demonstrate that Y-diff consistently outperforms
baselines, while significantly alleviating conventional translation artifacts
and structural distortions. What’s more, the synthesized data further ex-
pands the scale of this rare modality, reducing mean absolute percentage
error to 13.84% in downstream cell counting tasks. Source code is avail-
able at: https://github.com/Hdw2agon/Y_diff.

Keywords: Cross-Modality Translation · Diffusion Model · Knowledge
Distillation · pCLE

1 Introduction

Probe-based Confocal Laser Endomicroscopy (pCLE) enables real-time, in vivo
cellular-level optical biopsies, significantly enhancing the efficiency of clinical
pathological diagnosis [22, 38]. However, limited by inherent optical physical
mechanisms, pCLE images universally suffer from defects such as low contrast
and blurred cellular boundaries. This not only makes the clinical interpreta-
tion of these images heavily reliant on senior experts [1, 30], but also escalates

*These authors contributed equally. †Corresponding authors.

https://orcid.org/0009-0004-8330-3951
https://orcid.org/0009-0009-8343-2282
https://orcid.org/0000-0003-3847-9347
https://orcid.org/0000-0003-1926-3807
https://orcid.org/0000-0002-9242-2408
https://github.com/Hdw2agon/Y_diff


2 H. Wang et al.

Fig. 1: zsem replacing simulation results. This figure illustrates the synthesized
results obtained by merely substituting different zsem encodings given the source H&E
and target pCLE images, while freezing all network parameters. t-SNE visualization
demonstrates that our mapped semantics align with the target pCLE distribution.

the cost of acquiring and annotating large-scale, high-quality data [25, 36]. Al-
though deep learning holds the promise of breaking the bottleneck of manual
interpretation [4, 45, 48], its performance is severely hampered by data scarcity.
Consequently, existing works are predominantly confined to small-sample image
classification tasks [2, 6, 13, 42], rendering them inadequate for complex down-
stream pathological analyses such as cell detection or segmentation.

Translating widely accessible H&E pathology images into the pCLE modality
via unsupervised image translation presents a promising avenue to address the
scarcity of high-quality data [5]. However, lacking paired supervision signals, ex-
isting mainstream methods are consistently plagued by artifact generation and
cellular structure distortions. Cycle-consistency-based generic generative mod-
els [5, 26, 50] struggle to establish robust mappings between target texture syn-
thesis and source-domain structure preservation. Consequently, they are highly
susceptible to irreversible structural deformations, spurious artifacts, or the loss
of cellular topological features caused by training distribution deviations. Con-
currently, virtual staining methods tailored for pathology images [17, 20, 43],
despite their superior performance in pixel-level weakly paired tasks, struggle
to generalize to the complex structural and color modeling required in such ex-
tremely unpaired scenarios

To tackle the prevalent artifacts and cellular structure distortions in existing
cross-modal translation, we propose Y-diff, a novel structure-texture decoupled
diffusion distillation framework. Deviating from conventional methods that im-
plicitly map images as monolithic entities, Y-diff innovatively and efficiently
decouples pCLE-domain optical textures from H&E-domain spatial structures.
Specifically, we design a Teacher-Student dual-branch denoising architecture: the
Teacher model concentrates on learning distinct pCLE optical textures, utilizing
Flow matching [19] to achieve optimal transport of global semantics encoded
by a cross-modal DiffAE [31]; concurrently, under strict H&E spatial priors, the
Student model distills the Teacher’s color knowledge to precisely synthesize im-
ages possessing both high-fidelity pCLE textures and original H&E topological
structures. In summary, the main contributions of this work are as follows:

– Proposing Y-diff, a novel cross-modal pathology image genera-
tion framework: By designing a Teacher-Student-based diffusion distilla-
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tion mechanism, we achieve the efficient decoupling of optical textures from
spatial structures in unpaired H&E-to-pCLE translation.

– Significantly alleviating artifacts and cellular structure distortions:
To bridge the substantial modality gap, we transfer semantic features via
Flow matching and impose strict spatial constraints. This approach achieves
effective structural alignment with the source H&E images while precisely
synthesizing complex pCLE textures.

– Demonstrating downstream clinical value: Extensive experiments show
that Y-diff outperforms state-of-the-art baselines in synthesis quality. Serv-
ing as a robust data augmentation strategy, the synthesized pseudo-pCLE
data substantially enhances deep learning model accuracy in downstream
tasks such as real pCLE cell detection, broadening the application scope of
computational pathology.

2 Related Work

Cross-modal translation aims to synthesize images visually matching the
target modality while preserving source-domain structural and semantic infor-
mation. For cellular-level translation tasks, early studies [5] predominantly rely
on cycle consistency to model color-structure relationships. Despite yielding vi-
sual improvements, these methods frequently suffer from anatomical distortions
and semantic misalignment. Subsequently, approaches incorporating contrastive
learning or explicit constraints [11,17,27,47] achieved substantial advancements
in visual fidelity. However, confronted with massive domain gaps, patch-based
contrastive mapping becomes highly unreliable, and acquiring accurate explicit
constraints is rendered fundamentally unfeasible. Consequently, they still strug-
gle to circumvent artifact generation and cellular structure distortions. Recently,
the rapid proliferation of diffusion models [9, 35, 49] has advanced translation
tasks like FFPE-to-H&E toward higher precision and resolution [7,10,43]. Nev-
ertheless, as elucidated by Yang et al. [43], performance degrades significantly
when severe discrepancies exist between source and target modalities, coupled
with a lack of reliable pixel-level or semantic correlations. This challenge is fur-
ther exacerbated by the inherent domain gap in H&E-to-pCLE translation. Since
early attempts by Gu et al. [5], this specific task has remained largely under-
explored due to inherent difficulty [1] and data bottlenecks [2]. The failure of
existing generative paradigms in this cross-modal translation fundamentally ex-
poses their inability to establish a smooth, minimal-cost mapping path between
two markedly divergent, independent probability distributions.

Modeling the Optimal Transport (OT) trajectory for textures and struc-
tures constitutes the core challenge in cross-modal translation tasks. Cellular
morphology varies significantly across diverse tissues, whereas textures strictly
depend on the imaging modality. Consequently, directly establishing stable OT
paths within a highly entangled pixel space presents formidable difficulties. In
the task of OT path construction, early methods, typified by Flow matching [19],
directly regress OT paths by constructing continuous velocity fields, achieving
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substantial breakthroughs in both training and inference efficiency. However, in
complex cellular scenarios, standard Flow matching directly fits the evolution
trajectory on the global pixel manifold. Lacking local structural constraints,
it struggles to preserve intricate cellular topological structures. Recently, the
Schrödinger Bridge (SB) framework [3,37] revealed that theoretically established
OT paths mathematically satisfy cycle consistency by nature, elegantly simplify-
ing traditional multi-generator architectures [26, 41, 50]. Nevertheless, mapping
both source and target domain distributions to a shared Gaussian noise space
incurs exorbitant training overhead. Subsequent SB optimization works [7,15,34]
attempt to construct unified diffusion networks to mitigate training complexity.
Although these methods excel in texture modeling, they inevitably introduce
cellular distortions or hallucinatory artifacts in pCLE synthesis. These issues
stem from the models attempting to simultaneously preserve cellular structures
and execute optical texture translations across a massive domain gap within
a highly entangled pixel space. Inspired by [43], we argue that efficiently de-
coupling the representations of textures and structures, and independently con-
structing OT paths, constitutes a more reliable paradigm for translation to pCLE
tasks. Furthermore, to safely inject the decoupled pCLE-domain textures into
the generation process while preserving H&E-domain structural priors, we in-
troduce a Teacher-Student architecture [39, 44]. By specifically applying a dis-
tillation mechanism to the transfer and recombination of decoupled features,
our approach ingeniously circumvents the entanglement trap of the pixel space,
achieving high-fidelity modality conversion.

3 Method

To alleviate artifacts and cellular distortions in H&E-to-pCLE cross-modal trans-
lation, we present the overall framework of Y-diff (Fig. 2). The diffusion pipeline
of Y-diff comprises a shared spatial forward-noising branch alongside two inde-
pendent denoising branches: a Teacher and a Student. To achieve the efficient
decoupling of texture and structural representations, we physically isolate the
cross-modal translation process into two independent information flows:

Texture Flow. A pre-trained DiffAE [31] disentangles the color and optical
features of the images into low-dimensional global semantic encodings. Subse-
quently, an independent Flow matching module [19] learns the optimal transport
mapping at the optical texture level between the H&E and pCLE domains.

Structure Flow. The microscopic cellular topology of the images is isolated
into pure spatial noise and grayscale features, which are transmitted under the
structural guidance of a Structure-Preserving Network (SPNet).

During the inference and distillation in stage 2 (Fig. 2), the Student model re-
combines the structure flow preserved from the H&E domain with the pCLE tex-
ture flow mapped via Flow matching. This recombination is optimized through
direct feature alignment and knowledge distillation against the generation out-
puts of the Oracle Teacher model.
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Fig. 2: Overview of Y-diff framework. The pre-trained DiffAE semantic encoder
extracts the low-dimensional global semantic codes of H&E and pCLE domain images;
by learning the optimal transport velocity field between these two semantic distribu-
tions, the Flow Matching module deterministically maps the semantic codes of the
H&E domain to the pCLE domain semantics during Student model training; The Stu-
dent model distills the optical texture generative priors from the Oracle Teacher model,
and, guided by SPNet, learns the cellular topological structures.

3.1 Preliminaries : Diffusion-based Semantic Extraction

The semantic encoder (Enc) proposed in DiffAE [31] encodes an input image
x into a highly compressed global semantic representation zsem = Enc(x). This
representation captures rich color information of x. When employing zsem as a
conditional injection to guide the DDIM [35], the forward noising and reverse
denoising processes for the representation xt of image x at timestep t within the
diffusion pipeline can be formulated as:

xt+1 =
√
αt+1fθ(xt, t, zsem) +

√
1− αt+1 ϵθ(xt, t, zsem), (1)

xt−1 =
√
αt−1fθ(xt, t, zsem) +

√
1− αt−1 ϵθ(xt, t, zsem). (2)

Here fθ(·) is the denoising prediction network, and ϵθ(·) is the predicted noise.
where fθ(xt, t, zsem) = xt−

√
1−αtϵθ(xt,t,zsem)√

αt
. αt denotes the cumulative noise

schedule coefficient. This design ensures that the forward noising process and
reverse denoising processes are guided by the semantic representation. Com-
pared to conventional diffusion models [9, 35], DiffAE [31] enables high-quality
unimodal image encoding and reconstruction.

3.2 Flow Matching for Semantic Translation

Since semantic information such as color and texture is extensively encoded and
compressed into zsem by the semantic encoder of DiffAE [31], as illustrated in
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Fig. 1, retaining the intermediate state xt derived from the source H&E image
and freezing all network parameters allows the H&E image to translate to the
pCLE domain merely by substituting zsem. To obtain a reliable zsem of the pCLE
domain during inference, Y-diff introduces a continuous normalizing flow param-
eterized by an Ordinary Differential Equation (ODE) to achieve deterministic
and smooth transport of global semantics, formulated as:

dzt
dt

= vϕ(zt, t) (3)

Here zt is the time-dependent semantic code and vϕ is the learned vector field
parameterized by ϕ.

To construct an OT path between the source semantic distribution p(zAsem)
and the target distribution p(zBsem), we employ Flow matching to optimize the
neural network vector field vϕ. Given a minibatch OT-coupled semantic pair
(zAsem, zBsem), the target vector field is intuitively defined as ut(zt|zAsem, zBsem) =
zBsem − zAsem. The optimization objective for Flow matching is as follows:

LFM = Et∼U [0,1],zAsem,z
B
sem

[∥vϕ(zt, t)− (zBsem − zAsem)∥22] (4)

Here t ∼ U [0, 1] denotes the continuous time variable uniformly sampled from
the interval [0, 1]; zAsem and zBsem represent semantic encodings sampled from
H&E (A) and pCLE (B) marginal, paired via minibatch optimal transport; zt
indicates the intermediate semantic state at time t, constructed via the linear
interpolation path zt = (1− t)zAsem + tzBsem; and ∥ · ∥22 computes the squared L2

norm.
In the subsequent prediction stage, the target-domain semantics can be de-

terministically synthesized by solving the ODE from the initial state zAsem:

zA→B
sem = zAsem +

∫ 1

0

vϕ(zt, t)dt (5)

Here zA→B
sem denotes the transported semantic code from H&E (A) to pCLE (B).

As shown by the t-SNE in Fig. 1, the flow matching module effectively translates
H&E semantics to the pCLE domain, providing a reliable texture prior that
circumvents conventional mode collapse.

3.3 Network Optimization and Adversarial Supervision

SPNet-Guided Spatial Constraints. The reverse diffusion process must ef-
fectively preserve the cellular topology of the H&E domain while simultaneously
learning pCLE textures. At each denoising timestep t, SPNet(Sψ) operates as
a time-conditioned pixel-wise MLP that extracts grayscale morphological fea-
tures from xA and transforms them through a hierarchical feature space. The
timestep embedding enables adaptive feature modulation via affine transforma-
tions at each hidden layer, allowing the network to generate structure-aware
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Fig. 3: Detail Structure of SPNet. SPNet is designed as a time-conditioned pixel-
wise MLP. The input RGB image xA is first converted to grayscale to reduce the
influence of color channels on the network output. Temporal embedding ct is injected
via FiLM layers [29], enabling the output to adapt to the time-aware denoising process
of the DDIM. This network operates at the pixel level, preserving image structural
information while maintaining time awareness.

outputs conditioned on the diffusion stage. These spatial priors are injected into
the diffusion latent state xAt via explicit modulation:

xAt ← xAt + λmap · σ(Sψ(xA, t)) (6)

Here σ(·) is the sigmoid function, λmap is a weighting coefficient controlling the
strength of spatial modulation.

Knowledge Distillation. To stabilize the optimization process of the Stu-
dent model, we employ a frozen Oracle Teacher model. Conditioned on the real
semantics zBsem, the Teacher generates a pseudo-ground-truth (Pseudo-GT) im-
age x̂BTeacher. Concurrently, conditioned on the semantics zA→B

sem translated via
Flow matching, the Student model generates the translated output x̂BStudent. We
enforce strict alignment between the Student and Teacher models via a com-
prehensive Knowledge Distillation (KD) loss including pixel, perceptual, and
semantic feature spaces:

LKD = λL1∥x̂BStudent − x̂BTeacher∥1
+ λLPIPSLPIPS(x̂BStudent, x̂

B
Teacher)

+ λCLIP
(
1− CosSim(CLIP(x̂BStudent),CLIP(x̂BTeacher))

)
(7)

Here ∥ · ∥1 denotes the L1 distance, LPIPS is a perceptual similarity metric,
CosSim denotes cosine similarity, and CLIP(·) denotes feature extraction by
the CLIP encoder, which robustly preserves high-level semantics despite domain
shiftswhich robustly preserves high-level semantics despite domain shifts (see
Supp. for ablation). The weights λL1, λLPIPS, and λCLIP balance the pixel, per-
ceptual, and semantic terms, respectively.

Adversarial Supervision. Inspired by general diffusion bridge frameworks
[15, 37], it is imperative to ensure the alignment between the generated distri-
bution qθ and the target domain distribution p: DKL(qθ||p) = 0. Since direct



8 H. Wang et al.

computation of the KL divergence in high-dimensional spaces is intractable, we
train a discriminator D to differentiate between real target-domain images and
generated images, thereby propelling the generated distribution to converge to-
wards the target distribution. Consequently, the adversarial training objective is
formulated as:

LG = ExB∼pB [logD(xB)] + ExA∼pA [log(1−D(x̂B))] (8)

where E denotes the mathematical expectation; pB and pA represent the marginal
data distributions of the real pCLE and H&E domains, respectively. xB ∼ pB de-
notes a real sample drawn from the pCLE domain distribution, whereas xA ∼ pA
signifies a conditional sample drawn from the H&E domain, which is utilized to
generate the cross-modal Pseudo-pCLE x̂B . D(·) outputs the probability that
the input image belongs to the real target-domain data manifold. Ultimately,
the overall loss function for optimizing the Y-diff Student model is computed as
the weighted sum of the distillation loss and the adversarial loss:

LStudent = λKDLKD + λGLG (9)

Here λKD and λG control the relative contributions of the distillation and ad-
versarial objectives. For the complete loss function of the Y-diff Teacher model,
please refer to the supplementary material.

3.4 Training and Sampling

To guarantee the stable convergence of decoupled features and optimal synthesis
quality, the training strategy of Y-diff is formulated as two sequential optimiza-
tion phases:

Oracle Prior Preparation. Guided by the ground-truth semantics of the
pCLE domain and the structural constraints of SPNet, the Oracle Teacher model
is independently optimized to approximate the real pCLE data manifold. Con-
currently, the Flow matching module is trained in parallel to solve the OT Or-
dinary Differential Equation (ODE) between the semantics of the two domains.

Cross-Modality Distillation. With the Teacher model and Flow matching
module frozen, the Student model is trained conditioned on the cross-modal se-
mantics translated via Flow matching. Given that the Teacher now yields stable
Pseudo-GT targets, the Student learns the decoupled recombination by fusing
source-domain structures with target-domain textures through knowledge distil-
lation. This paradigm effectively circumvents the gradient conflicts and objective
misalignment prevalent in conventional end-to-end training.

During the inference and sampling phase, the Teacher model prior is dis-
carded. Instead, the Student model operates in tandem with the Flow matching
module to achieve reliable translation into the pCLE modality.
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4 Experiment

4.1 Setting

Datasets. We evaluate the generalization capability and synthesis quality of our
model across multiple datasets:

Clinical pCLE Dataset (CCD) is an in-house dataset constructed specif-
ically for the H&E-to-pCLE translation task. It comprises 296 ex vivo H&E-
stained slide images and 296 in vivo pCLE video frames acquired from the colon.
Although roughly matched at the anatomical region level, inherent spatiotem-
poral acquisition discrepancies and strict clinical de-identification protocols pre-
clude the establishment of any pixel-level spatial correspondence between the
two modalities. The dataset is partitioned into 240 training and 56 testing im-
ages per modality. All images were resized to 256× 256. The dataset is available
at: https://github.com/Hdw2agon/Y_diff.

NuInsSeg [21] is a public pathology staining cell segmentation dataset. To
validate the viability of the Y-diff-synthesized data for downstream tasks, we uti-
lized a total of 132 H&E-stained test samples from tissues including the jejunum
and cerebellum. All images were resized to 256× 256.

MIST [17] is a public immunohistochemistry (IHC) staining dataset. To
verify the robustness of Y-diff on weakly paired data, we employed the ER-004
subset, which contains 4,000 training samples and 1,000 testing samples obtained
by registering serial tissue sections. Following the experimental setup of [7], we
conduct model training and analysis on this dataset.

Baselines. We comprehensively evaluate Y-diff against state-of-the-art meth-
ods encompassing diverse generative paradigms. These baselines include the
classic cycle-consistency model CycleGAN [50] and its recent one-step diffusion-
enhanced variant CycleGAN-Turbo [28]; the contrastive-learning-based cellular-
level translation framework PPT [47]; the Schrödinger Bridge-based generative
model UNSB [15]; and recent cutting-edge medical modality translation and
virtual staining architectures, namely SynDiff [26], PyramidPix2Pix [20], and
D-VST [43]. To assess their generalizability to unpaired pCLE scenarios, all
baseline models utilize their official implementations. While preserving their core
optimization strategies and objective weights, we adapted resolution-dependent
configurations strictly following official guidelines, training all baselines to full
convergence to ensure a rigorous and fair evaluation on the CCD dataset.

Quantitative Evaluation. Due to inherent spatial misalignments and pixel-
level discrepancies across domains, traditional metrics such as SSIM and PSNR
offer limited reference value in unpaired translation tasks [7,18,40], while FID [8]
suffers from statistical instability on small-scale datasets [14]. Following the
quantitative evaluation protocol established by He et al [7] , we adopt Struc-
ture Similarity (SS), Luminance and Contrast (LC), and Histogram Correlation
(Hist) to independently and accurately quantify structural preservation and style
transfer performance. Additionally, LPIPS [46] is utilized to assess the overall
perceptual image quality. For MIST evaluation, we report A-SSIM/A-PSNR for
grayscale structural consistency with input H&E images, B-SSIM/B-PSNR for

https://github.com/Hdw2agon/Y_diff
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Fig. 4: Qualitative results on CCD datasets

fidelity to real target images, and FID for target-domain distributional similarity
in addition.

Implementation Details. All experiments were conducted on one RTX
PRO6000 GPU. Teacher and Student models were trained for 30 and 10 epochs,
respectively, using Adam optimization and initialized with pre-trained DiffAE
weights [31]. To reduce DDIM training cost, we adopt truncated diffusion with
1,000 total timesteps, 50 sampling steps, and a 0.5 truncation ratio, reducing
both forward and reverse processes to 25 steps from the intermediate state xt.
The Flow matching MLP [19] was trained with minibatch OT coupling to con-
struct probability paths between source and target latent vectors. During infer-
ence, the Dopri5 ODE solver was adopted for a single ODE integration pass.
Detailed hyperparameters are provided in the supplementary material.

4.2 Main Result

Qualitative Results. As illustrated in Fig. 4, the modality discrepancy be-
tween H&E and pCLE within the CCD dataset poses a formidable challenge to
existing paradigms. Specifically, although CycleGAN [50] partially captures tex-
ture and structural mappings, it introduces spurious shadows into local cellular
structures and generates scale-like hallucinations alongside faint streak artifacts
in cavity regions. The contrastive-learning-based PPT [47] exhibits severe struc-
tural degradation, manifesting extensive dark artifactual regions where the cel-
lular topology is entirely obliterated, accompanied by streak noise akin to that
of CycleGAN [50]. More critically, while excelling in standard paired settings,
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Fig. 5: Qualitative results on the MIST dataset

the virtual staining models PyramidPix2Pix [20] and D-VST [43], along with the
modality translation models SynDiff [26] and CycleGAN-Turbo [28], suffer from
catastrophic distortions, precipitating an almost total collapse of cellular topo-
logical structures. While the overall performance of the Schrödinger Bridge-based
UNSB [15] approximates that of CycleGAN [50], it degrades when attempting
to preserve extremely fine cellular details, causing minute structures to be ob-
scured by dark patches. Furthermore, conspicuous black-and-white speckle arti-
facts emerge across the generated images, indicating a failure of local mapping
during the construction of the Schrödinger Bridge. In stark contrast, our Y-diff
significantly alleviates the aforementioned severe cellular distortions and clut-
tered artifacts. It preserves most intricate cellular topologies while synthesizing
optical textures of the target pCLE modality with high fidelity.

Quantitative Results. As demonstrated in Table 1(a), CycleGAN [50]
achieves the second-best scores in SS and LPIPS, maintaining fundamental
structural fidelity. However, its performance is severely constrained by extensive
artifacts and erroneous structural mappings, precluding further improvements.
Benefiting from the effective attention mechanism within its stage-wise train-
ing paradigm, D-VST [43] attains the highest LC score. Nevertheless, struggling
to effectively model textures and structures within an entangled pixel space,
D-VST [43], alongside PyramidPix2Pix [20], SynDiff [26], and CycleGAN-Turbo
[28], suffers from catastrophic structural collapse. The contrastive-learning-based
PPT [47], leveraging patch-mapping logic, achieves the second-best performance
in Hist. Yet, its local constraints fail to maintain global consistency, resulting in
a severe loss of cellular topology and a low overall perceptual score. Although the
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Table 1: Quantitative comparison on the CCD and MIST datasets. Best and
second best results are highlighted. ↑ indicates higher is better, and ↓ indicates lower
is better.

(a) CCD dataset.

Metric CycleGAN PyrPix2Pix PPT SynDiff D-VST UNSB CycleGAN-T Ours

SS ↑ 0.614 0.114 0.217 0.226 0.103 0.488 0.316 0.689
LC ↑ 0.908 0.926 0.925 0.927 0.953 0.920 0.887 0.939
Hist ↑ 0.731 0.823 0.854 0.815 0.853 0.798 0.672 0.868
LPIPS ↓ 0.511 0.974 0.907 0.529 0.811 0.655 0.777 0.495

(b) MIST dataset.
Method SS ↑ LC ↑ Hist ↑ LPIPS ↓ FID ↓ B-SSIM ↑ B-PSNR ↑ A-SSIM ↑ A-PSNR ↑

CycleGAN 0.7875 0.8938 0.6958 0.5025 59.8261 0.2198 13.6596 0.7198 12.9434
PPT 0.5420 0.8965 0.6873 0.4838 72.7841 0.1944 13.6642 0.6018 11.3111
PyrPix2Pix 0.0034 0.8966 0.6965 0.5367 108.3851 0.1754 13.3405 0.1015 9.6877
SynDiff 0.6626 0.8597 0.7020 0.4985 88.2607 0.1789 12.7212 0.7315 14.1787
UNSB 0.6543 0.8902 0.6908 0.5672 98.6930 0.2104 13.6935 0.6571 12.5585
D-VST 0.4293 0.8546 0.6778 0.5198 74.1360 0.1897 12.8145 0.4237 10.1237
CycleGAN-T 0.7812 0.8725 0.7123 0.5718 75.1487 0.1874 11.8567 0.7292 13.9730
Ours 0.8164 0.9359 0.7938 0.4485 41.4010 0.2225 14.7326 0.7379 13.9396

Table 2: Ablation study on key components of Y-diff. The w/o Student variant directly
utilizes the target domain’s true semantic code, serving as an oracle upper bound. Best
and second best results are highlighted.

Method SS ↑ LC ↑ Hist ↑ LPIPS ↓

w/o Flow matching 0.5397 0.9339 0.8646 0.4810
w/o SPNet 0.6090 0.9092 0.7814 0.4915
w/o Discriminator 0.6039 0.9199 0.7802 0.4992
Ours (Full) 0.6892 0.9387 0.8684 0.4948

w/o Student (Oracle) 0.7015 0.9664 0.8807 0.4460

Schrödinger Bridge-based UNSB [15] surpasses CycleGAN in LC and Hist, exac-
erbated unnatural black-and-white speckle artifacts precipitate a drastic decline
in its SS and LPIPS metrics. In stark contrast, Y-diff shows a clear advantage.
Aside from securing the second-best score in LC, it achieves the best performance
on SS, Hist, and LPIPS, supporting our method’s effectiveness.

Due to the limited space of the main text, we provide the qualitative results
(Fig. 4) and quantitative comparison (Table 1(b)) on the MIST dataset in the
main paper, while detailed experimental settings and analyses are provided in the
supplementary material. The results show that Y-diff also achieves competitive
performance in the virtual staining scenario.

Ablation Study. Table 2 presents the ablation study results concerning the
core components of Y-diff. Bypassing the Student model to synthesize images
directly utilizing the ground-truth global semantics of the target pCLE domain
establishes the theoretical upper bound of our generative architecture. Upon
ablating the Flow matching module, the network relies solely on the semantics
of the source H&E domain. This severe domain misalignment introduces con-
flicting generative priors, resulting in a pronounced degradation in the SS met-
ric. Furthermore, the removal of SPNet deprives the Student model of explicit
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Fig. 6: Qualitative results on downstream verification. This figure presents the
Class Activation Map (CAM) overlays and the corresponding predicted cell counts from
U-Net models trained under diverse strategies. Specifically, w/o Virtual pCLE denotes
that without injection of pseudo-pCLE images for training set augmentation; instead,
the U-Net was trained exclusively on the manually annotated dataset, relying solely on
conventional data augmentation techniques such as image rotation and color inversion.

structural constraints, compelling it to blindly distill all entangled information
from the Teacher. This precipitates a significant distributional deviation between
the synthesized outputs and the authentic pCLE modality. Finally, without the
adversarial supervision of the Discriminator, the Student model struggles to
capture high-frequency perceptual details and fails to converge to the target
distribution relying merely on the remaining losses, triggering a comprehensive
decline across all quantitative metrics. Detailed hyperparameter ablations are
provided in the supplementary material.

4.3 Downstream Verification and Clinical Evaluation

We further employ a cell counting task as a clinical downstream application to
validate the clinical significance of our algorithm. In practical clinical diagnos-
tics, a prominent anatomical characteristic of the tumor microenvironment is
an abnormally elevated cell density [23, 24], a feature that is particularly con-
spicuous under pCLE examination [16]. Consequently, cell counting serves as an
effective modality for assessing the nature of examined regions in pCLE imag-
ing. In this study, we adopt the widely utilized U-Net [4,33] as the downstream
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Fig. 7: Clinical Evaluation result. "High", "Medium", and "Low" denote a high
degree of cellular structural fidelity, partial structural degradation with fundamentally
correct overall topologies, and severe structural collapse rendering the image clinically
unusable, respectively, mapped to scores of 3, 2, and 1. (a) Presents quantitative clinical
evaluation results, where Y-diff attains a higher Mean Opinion Score (MOS). Welch’s
T-test shows this improvement is statistically significant (p < 0.05, denoted by ∗). (b)
Visualizes score distributions across different models, highlighting Y-diff’s pronounced
advantage in achieving high structural fidelity.

Table 3: Quantitative results of the downstream cell counting task on the CCD
dataset. w/o Virtual pCLE denotes that without injection of pseudo-pCLE images
for training set augmentation. Present the statistical results of Mean Absolute Er-
ror(MAE), Root Mean Square Error(RMSE), and Mean Absolute Percentage Er-
ror(MAPE) for each method. Best and second best results are highlighted.

Method MAE ↓ RMSE ↓ MAPE (%) ↓

w/o Virtual pCLE 83.29 103.29 55.77
CycleGAN 63.71 73.17 30.86
Ours (Y-diff) 28.43 34.30 13.84

validation model to rigorously verify the synthesis quality of the virtual pCLE
data through controlled experiments.

We partition 65 images from the CCD, manually annotated for cells by
pathology experts, into a fixed training set of 35 images and a testing set of 30
images based on approximate anatomical locations, and use the H&E ground-
truth images from NuInsSeg [21] to generate pseudo-pCLE images for augment-
ing the training set while retaining their original segmentation labels. Referring
to the qualitative and quantitative performance of the various baselines, this ex-
periment selects the strongest-performing CycleGAN [50] and a method trained
exclusively on the small-scale manually annotated data as our baselines. Please
refer to the supplementary material for detailed experimental settings.

As shown in Fig. 6 and Table 3, the injection of pseudo-pCLE data generated
by Y-diff effectively enhances the cell recognition capability of the U-Net net-
work in this scenario, reducing its cell counting Mean Absolute Percentage Error
(MAPE) from 55.77% to 13.84%. Referring to the clinical evaluation guidelines
for virtual staining mentioned by Huang et al. [12], we define two criteria for
clinical assessment: (1) Morphological Fidelity: Assesses the strict preser-
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vation of cellular topologies and geometric contours. (2) Texture Realism:
Evaluates the alignment of the synthesized images with the target modality’s
inherent optical properties.

To ensure the statistical significance of the evaluation results, we convened
an expert panel comprising three pathologists of varying seniority (both junior
and senior). Each expert independently conducted blind scoring on 30 pairs of
generated images. Specifically, after each expert selects the more similar images
based on texture realism, they then conduct further evaluation according to mor-
phological fidelity; As shown in Fig. 7, the blind evaluation results indicate that
the selection rate of images generated by Y-diff is significantly higher than that
of other baseline method. Expert feedback reveals that the pseudo-pCLE syn-
thesized by Y-diff exhibits a pronounced advantage in maintaining local cellular
morphological features. Quantitative statistical results substantiate the extreme
significance of this subjective preference.

5 Limitation

DDIM [35] improves structural reliability but its iterative sampling increases
computation, slows inference relative to GAN-based methods [50], and limits
translation to 256× 256. Future work will explore Latent Diffusion Models [32]
for real-time high-resolution generation and incorporate physical imaging priors
to improve robustness under variable fluorescence intensity.

6 Conclusion

In this paper, We propose Y-diff for ex vivo H&E to in vivo pCLE translation.
By synergizing Flow matching and Teacher-Student distillation, Y-diff decou-
ples the learning of optical textures and spatial structures, effectively mitigating
severe artifacts prevalent in current models. Extensive benchmark and clinical
evaluations demonstrate that Y-diff achieves high-fidelity synthesis efficiently
topological preservation, offering a reliable data augmentation solution for com-
putational pathology.
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