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Abstract

The scarcity of paired gene expression and pathol-
ogy images datasets poses a major bottleneck for
training large-scale pathology foundation models.
Although gene-to-image generative models offer a
promising solution, existing methods typically em-
ploy coarse-grained conditional control strategies,
resulting in entanglement between background tex-
tures and cell layouts. To address this challenge, we
propose GeneCaDiff, a three-stage cascaded diffu-
sion model that explicitly aligns the generative pro-
cess with the hierarchical organization of biologi-
cal tissues. Two conditional DDPMs independently
synthesize tissue backgrounds and cellular fore-
ground components, and a subsequent ControlNet-
based fusion generator utilizes niche and cellular
community maps as dual conditions to synthesize
realistic tissue images. Quantitative and qualitative
evaluations demonstrate strong realism and diver-
sity, while controllability experiments validate hier-
archical, decoupled control over niche textures and
community layouts.

1 Introduction

The rapid advancement of computational pathology has been
driven by the emergence of large-scale foundation models,
which are capable of learning rich feature representations
from histopathology images [Chen er al., 2024; Vorontsov
et al., 2024]. Trained on extensive collections of whole-
slide images, these models have demonstrated strong per-
formance in disease characterization and prognostic stratifi-
cation. However, their development is fundamentally con-
strained by the limited availability of high-quality multimodal
datasets that align molecular measurements with tissue mor-
phology [Acosta et al., 2022]. In particular, spatial transcrip-
tomics datasets paired with histological images remain scarce
and costly to acquire [Moses and Pachter, 2022], restricting
the ability of foundation models to fully capture the relation-
ship between gene expression and tissue structure [He et al.,
2020; Lewis et al., 2021].

*Corresponding author.

To mitigate this data shortage, cross-modal gene-to-image
synthesis has emerged as a promising solution [Zhang et al.,
2025]. By establishing a mapping from molecular profiles to
pixel space, generative models function as robust data aug-
mentation engines, creating synthetic training samples that
enrich the diversity of existing datasets. Early efforts based
on GANs and diffusion models have demonstrated the fea-
sibility of generating histology images conditioned on gene
expression [Carrillo-Perez et al., 2023; Carrillo-Perez et al.,
2025]. ~Despite these advances, most existing approaches
adopt a coarse global conditioning paradigm, in which high-
dimensional gene expression vectors are compressed into a
single latent representation to generate entire image patches.
This monolithic approach leads to severe attribute entangle-
ment. Specifically, the microenvironmental background and
spatial organization of the cellular community are coupled
within a unified generation process, preventing fine-grained
and interpretable control over distinct tissue components.

Recent advances in spatial representation learning offer a
pivotal insight to address this entanglement [Singhal er al.,
2024]. Foundation models for spatial transcriptomics, such as
Nicheformer [Tejada-Lapuerta et al., 2025], have empirically
demonstrated that gene expression profiles inherently encode
distinct structural information, ranging from microenviron-
mental niche identities to cellular densities. This suggests
that the signal required to distinguish background textures
from cellular layouts is already latent within the transcrip-
tomic data. Consequently, rather than a monolithic synthesis,
we posit that these dimensions can be effectively decoupled
and modeled explicitly to mirror the natural hierarchy of bio-
logical tissues.

Inspired by this principle, we propose GeneCaDiff, a three-
stage cascaded diffusion model tailored for spatial transcrip-
tomics. The generative process is decomposed into biologi-
cally meaningful stages. First, a conditional diffusion model
synthesizes niche level background textures based on gene
expression in specific microenvironments. Second, another
independent conditional diffusion model generates cell ap-
pearances and assembles them into a structured cellular com-
munity layout. Finally, a tissue level fusion model based
on ControlNet integrates the synthesized background and
layout using dual structural conditions to generate the final
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histopathological image. This design enables decoupled hi-
erarchical control over tissue appearance while maintaining
visual coherence and realism.

The main contributions of this work are summarized as fol-
lows:

* A biologically aligned multi-stage cascaded diffusion
model is proposed that addresses multi-condition gene-
to-image generation by decomposing the synthesis pro-
cess into independently controllable stages, enabling hi-
erarchical and decoupled control over tissue structure.

The proposed model synthesizes histopathological im-
ages from spatial transcriptomics by explicitly modeling
niche backgrounds and cellular community structures.

Extensive quantitative and qualitative experiments on
the HEST-1k dataset demonstrate that our method
achieves superior realism and diversity, while providing
effective orthogonal controllability.

2 Related Work
2.1 Gene to Image Synthesis

The task of gene to image synthesis aims to establish an ex-
plicit mapping between transcriptomic data and cellular or
tissue images, thereby translating molecular level states into
observable visual phenotypes. A typical strategy is to encode
high dimensional expression vectors derived from bulk RNA-
seq, single cell RNA-seq, or spatial transcriptomics into la-
tent conditional representations. Subsequently, these repre-
sentations are fed into generative adversarial networks, vari-
ational autoencoders, or diffusion models. Through learning
correspondences between expression patterns and visual phe-
notypes in a cross modal representation space, these mod-
els synthesize pathological images consistent with underly-
ing molecular states, serving as computational sutrogates or
complements to real tissue sections.

Early studies predominantly adopted GAN-based ap-
proaches [Yi et al., 2019]. For example, RNA-GAN embeds
gene expression in the conditional space of a GAN to gen-
erate tissue images associated with specific expression back-
grounds [Carrillo-Perez et al.; 2023]. These approaches em-
pirically support the feasibility of gene expression-driven im-
age generation. However, GAN training is often sensitive
to hyperparameters and adversarial balance. This sensitiv-
ity makes it prone to instability and mode collapse, which in
turn degrades sample diversity and coverage of the expression
space.

With diffusion models demonstrating more stable training
behavior and higher generation fidelity in natural image syn-
thesis [Dhariwal and Nichol, 2021; Kazerouni et al., 2023],
generation driven by diffusion-based gene-expression has at-
tracted increasing attention. A representative work, RNA-
CDM [Carrillo-Perez et al., 2025], introduces a cascaded dif-
fusion architecture for the task of RNA-seq in tissue image
generation. It synthesizes high quality tumor image patches
from RNA data via multistage diffusion and demonstrates ad-
vantages over GANs in both image quality and training sta-
bility. Nevertheless, most existing methods still follow a top

down global conditioning paradigm. They directly gener-
ate patch level images from a single global expression vec-
tor without explicitly decomposing or controllably modeling
multiscale structural factors such as niche backgrounds, sin-
gle cell morphology, and cellular community layouts. Build-
ing upon prior gene driven generation studies, this work fur-
ther introduces a hierarchical multistage design to enhance
cross scale structural expressiveness and interpretability.

2.2 Controllable Image Generation

To achieve fine grained control over generated content, con-
trollable generation methods typically introduce structured
conditional signals such as bounding boxes, keypoints, and
segmentation maps to explicitly constrain image content
and structure. Within the domain of diffusion model ar-
chitectures, representative approaches, including Control-
Net [Zhang et al., 2023] and T2I-Adapter [Mou et al., 20241,
provide commonly adopted solutions for structured control.
ControlNet replicates the backbone of a pretrained diffusion
model and appends a trainable control branch. This mech-
anism encodes external conditions like Canny edges, depth
maps, or segmentation masks into multi scale features that
are fused with the main network at multiple layers during de-
noising. This design injects structural constraints through-
out the denoising process while largely preserving the gen-
erative capacity of the base model. In contrast, T2I-Adapter
adopts a more lightweight adapter branch. It maps condi-
tional information into intermediate representations compati-
ble with diffusion models and injects them at a few key layers,
thereby achieving structural control with reduced parameter
count and training cost.

2.3 Multi Stage Diffusion Architectures

Multi stage diffusion architectures decompose complex gen-
eration tasks into multiple phases. This allows different
stages to focus on distinct resolutions or semantic levels,
thereby enhancing controllability and expressive power. Typ-
ical cascaded diffusion models adopt a coarse to fine resolu-
tion hierarchy. For example, the Cascaded Diffusion Models
first generate low resolution images and then progressively
refine them through a sequence of super resolution diffusion
models [Ho er al., 2022]. Similarly, SR3 [Saharia er al.,
2022b] and its successor Imagen [Saharia et al., 2022a] em-
ploy diffusion based super resolution as a core component.
These methods achieve higher fidelity and stronger condi-
tional controllability in natural image generation.

Beyond resolution cascades, some studies further construct
multi stage diffusion architectures along temporal or seman-
tic dimensions. For example, eDiff-I [Balaji et al., 2022] ob-
serves that early diffusion steps are more sensitive to textual
conditions, while later steps emphasize visual details. Con-
sequently, it partitions the diffusion timeline into multiple
intervals and trains specialized expert denoisers for differ-
ent noise regimes. Similarly, another multistage approach
clusters noise levels and assigns each cluster to a distinct
stage [Zhang et al., 2024]. This system utilizes customized
multi-decoder U-Net architectures, featuring a shared en-
coder and stage-specific decoders, to improve training and
sampling efficiency while maintaining generation quality.
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Figure 1: Schematic overview of GeneCaDiff. Three hierarchical components are designed to mimic tissue organization. First, the Niche
Generation Branch synthesizes the microenvironmental background I,;cxre conditioned on the niche level gene expression gniche. Second,
the Cell and Community Branch generates individual cell appearances from g..;; and assembles them into a semantic layout map Miqyout-
Third, the Tissue Level Fusion Model integrates these outputs using a dual conditioning mechanism.. The layout map is processed into
structural hints containing masks and edges while the background provides texture guidance via DINO-v2 embeddings. The zoomed panel
on the right details the ControlNet internals where these conditions guide the denoising process to produce the final image I finai.

The concept of multi-stage diffusion has also begun to
emerge in computational pathology. For instance, RNA-
CDM applies cascaded diffusion to map RNA sequencing
data to whole slide tumor image tiles [Carrillo-Perez et al.,
2025]. This method synthesizes high quality WSI tiles
from transcriptomic data and provides an important refer-
ence for pathological image synthesis driven by gene ex-
pression. However, stage partitioning in both natural image
generation and pathological applications is primarily defined
along the resolution or temporal axes. Furthermore, gen-
eration units typically remain at the level of entire patches
or tiles. Such designs create difficulties in aligning diffu-
sion stages explicitly with the hierarchical structure of tu-
mor microenvironments including niche backgrounds, single
cell morphology, and cellular community layouts. Building
upon multistage diffusion architectures, this work aligns stage
partitioning with biological hierarchy. We explicitly model
niche backgrounds, cellular community structures, and tissue
level rendering. Consequently, this enables fine grained and
cross scale structural controllability in tissue image genera-
tion driven by gene expression.

3 Gene-guided Cascaded Diffusion Model
3.1 Methodology Overview

To address the challenge of attribute entanglement inherent
in existing global conditioning methods, we propose a multi-
stage cascaded diffusion architecture called GeneCabDiff. As
illustrated in Figure 1, GeneCaDiff comprises three primary
modules designed to mirror the hierarchical nature of tis-
sue organization. First, the Niche Generation Branch is de-
signed to reconstruct local microenvironmental backgrounds
indicated by I,,;cne by interpreting niche level gene expres-
S10N Gpiche- Second, the Cell and Community Branch func-
tions to synthesize individual cell appearances and assem-

ble them into coherent spatial layouts, producing a structured
map Mjgyout. Third, the Tissue Level Fusion Model acts as
a unifying renderer. Using I;che and Miqyout as dual con-
ditions, it produces the final high resolution histopathological
image I t;nq1. The synergistic operation of these components
enables our approach to decouple the generation of stromal
textures from cellular organizations, thereby ensuring both
structural controllability and visual fidelity.

3.2 Niche Generation Branch

To reconstruct realistic microenvironmental backgrounds de-
noted as I,;.ne from niche level gene expression gniche, We
construct a conditional generative module based on the De-
noising Diffusion Probabilistic Model [Ho et al., 2020]. This
branch serves to map the abstract molecular semantics of a
niche into a visually coherent tissue texture, providing the
fundamental stromal context for the subsequent composition.

The backbone of this module adopts a U-Net architec-
ture enhanced with spatial transformer layers [Dhariwal and
Nichol, 2021; Rombach er al., 2022]. To effectively inject
the molecular information, the input gene expression vector
Gniche 18 first projected via a multilayer perceptron into a se-
quence of condition embeddings. These embeddings sub-
sequently interact with the intermediate spatial features of
the U-Net through cross attention mechanisms located at the
downsampling, middle, and upsampling blocks. This design
allows the gene expression condition to guide the feature syn-
thesis across multiple resolution scales progressively.

To formally define the diffusion dynamics, we consider a
forward process that gradually corrupts the ground truth im-
age x(()”) into a Gaussian noise distribution. The noisy image

state LL',E") at any arbitrary timestep ¢ can be sampled directly

using the closed form expression.

2 = agal + VT = age )
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where € ~ N(0,I) and &; represents the cumulative noise
schedule.

The network is optimized to reverse this corruption by es-
timating the noise component under the guidance of gene ex-
pression. The training objective minimizes the mean squared
error between the actual noise and the predicted noise €, for-
mulated as,

Lhiche = Ezé’” ||6 — €9 (xz(fn)> t, Gniche) ||2 )

6,8, gniche

During the inference phase, the model reconstructs the
niche background I,,;.pe by iteratively denoising a random
Gaussian noise sample xg,? ). This reverse transition from step
ttot — 1 is guided by the conditional gene vector g, ;ch. and

is computed via the recurrence relation.

n 1 n l—«a n

3)
where £ ~ N(0,1) and oy is the variance term. Through T
iterations of this sampling process, the system recovers the
clean microenvironmental texture 1,,;pe.

3.3 Cell and Community Branch

While the Niche Generation Branch provides the microenvi-
ronmental background, the Cell and Community Branch is
responsible for synthesizing cellular appearance and organiz-
ing cells into biologically plausible spatial communities. This
branch aims to model both the visual phenotype of individual
cells and their collective spatial organization, thereby captur-
ing mesoscopic tissue structure that is essential for realistic
histopathological synthesis.

Given a high-dimensional single-cell gene expression vec-
tor gee1;, we first generate cell-level visual representations
using a conditional denoising diffusion probabilistic model.
The model architecture follows the same design principles as
the niche generation branch, employing a U-Net backbone
augmented with cross-attention layers. The gene expression
vector is projected into a sequence of condition embeddings,
which are injected into multiple layers of the denoising net-
work via cross-attention. The network is trained to predict the

noise component from the noisy cellular image state xﬁ“) by
minimizing the following objective function,

»Ccell - Em86)757t7gcell |:H6 — € (xEC)v t? gcell)H2:| (4)

Upon training, the model can synthesize specific cellular mor-
phologies such as nuclear shape and chromatin texture that
correspond to the underlying molecular state g e;;.

Once the individual cell library is synthesized, the chal-
lenge shifts to assembling these units into a biologically plau-
sible community. We design a Hierarchical Placement Mod-
ule that arranges the generated cells onto a canvas to produce
the final semantic layout map M;y 0. To accommodate dif-
ferent data availability scenarios, this module supports two
distinct layout strategies.

In the absence of spatial coordinates, we simulate natu-
ral cellular aggregation patterns. This algorithm iteratively
places cells based on geometric constraints. To ensure real-
istic density and avoid physical overlap, we utilize frequency

domain cross correlation to identify valid candidate regions.
Furthermore, a probability map based on distance fields is
introduced to govern the balance between cellular clustering
and dispersion. This mechanism ensures that the generated
community exhibits structurally coherent boundaries rather
than uniform randomness.

When spatial coordinate priors are available, the module
directly utilizes these positions to place the synthesized cells.
This mode enables precise and supervised reconstruction of
tissue architecture. Consequently, the system can strictly ad-
here to specific spatial arrangements dictated by the user or
ground truth data, resulting in a spatially accurate Mjqyout
for the final fusion stage.

3.4 Tissue Level Fusion Model

To integrate the independent outputs from the preceding
stages into a coherent whole, we introduce the Tissue Level
Fusion Model. We select the Paint-by-Example architec-
ture [Yang et al., 2023] as the backbone, leveraging its pre-
trained generative priors.. However, solely relying on its
original CLIP-based conditioning is insufficient for the strict
pixel-level alignment required in pathology. Consequently,
we adopt a ControlNet-based strategy. We freeze the param-
eters of the main U-Net to preserve its learned priors. Con-
sistent with the backbone design, the niche image I,,;cne un-
dergoes a dual encoding process. Specifically, an AutoEn-
coderKL maps it into a background latent z,,;.x. for subse-
quent concatenation with the noisy latent, while a CLIP en-
coder extracts its semantic embedding to preserve global con-
sistency.

In parallel, we introduce a trainable ControlNet branch
to enforce fine-grained structural and textural control. This
branch is driven by a dual-conditioning mechanism. First,
the layout Mjqy 0. 18 processed into a three-channel hint map
h (masks, distance transforms, edges) and encoded via zero
convolutions to lock geometric boundaries. Second, to cap-
ture the nuanced biological textures of the stroma, we employ
a frozen DINO-v2 encoder to extract high-level stylistic em-
beddings from I,;.ne. Instead of simple concatenation, these
embeddings act as global context cues and are injected into
the ControlNet branch at multiple scales. To fuse these fea-
tures, we implement a Cross Attention mechanism. In this
operation, the intermediate spatial features of the ControlNet
serve as the query (. Meanwhile, the DINO-v2 embeddings
serve as both the key K and value V' via linear projections.
The attention is calculated as,

QK"
Vi

This operation maps the niche textures onto the layout struc-
ture.

Finally, the multi-scale features learned by the ControlNet
are projected through zero convolution layers and added to
the decoder features of the frozen main U-Net. This progres-
sive injection ensures that the generated tissue If;pq; strictly
adheres to the spatial constraints of Mjqy0,¢ While faithfully
rendering the texture of I,,;cpe.-

Attention(Q, K, V') = softmax < > \% (5)
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The optimization objective is defined as,

Liusion = Bz .t Miayour Insone |

||6 - Etp(zta t) Mlayout; Iniche) H2]

(6)

4 Experiments

This section evaluates the effectiveness of the proposed multi-
stage diffusion architecture on the cross modal generation
task mapping gene expression to histopathological images
through both quantitative and qualitative analyses. We first
describe the dataset construction and preprocessing proce-
dures followed by the evaluation protocols and the baseline
method. Subsequently, we report comparative results against
this baseline approach and further analyze the controllabil-
ity of the model with respect to microenvironmental back-
grounds and cellular community layouts.

4.1 Datasets

We utilize the large scale multimodal HEST-1k dataset to val-
idate our approach. This repository contains 1,108 spatial
transcriptomics samples paired with H&E stained whole slide
images covering 25 organs and 25 cancer subtypes across hu-
man and mouse species. It is distinguished by its rich align-
ment between gene expression profiles and morphological
structures. To align with the high resolution requirements
of our research, we specifically select a subset of 65 sam-
ples acquired via the Xenium platform for this study. To train
the proposed three stage architecture, we construct specific
ground truth pairs from these real tissue samples. We denote
the original real H&E tissue patches as [ %WZ. Consistent
with the notation defined in the method section, gy ;che repre-
sents the niche level gene expression vector and g..;; denotes
the single cell gene expression vector.

Niche Generation Data Preparation For the Niche Gen-
eration Branch, we derive ground truth background targets
denoted as 19!, . We apply the LaMa inpainting model [Su-
vorov et al., 2022] to raw tissue patches T gfn 41 to remove cel-
lular structures effectively. The resulting supervision pairs
consist of the niche gene expression g.;;c»e and the processed
background [ fﬁche. During inference, the model generates
the predicted background I,,;che-

Cell and Community Data Preparation For the Cell and
Community Branch, single cell nuclear patches are cropped
from the whole slide images to form the visual ground truth.
These are paired with their corresponding single cell gene ex-
pression vectors g;; to train the appearance synthesis mod-
ule. Subsequently, the layout generation utilizes these synthe-
sized cells to construct the community layout map Mjqyout-

Tissue Fusion Data Preparation The Tissue Level Fusion
Model requires a robust alignment between generated condi-
tions and real tissue targets. To achieve this, we employ a two
phase training strategy. In the pretraining phase, the model
learns to reconstruct the ground truth tissue image 1 gfnal us-
ing oracle conditions derived from real data. These conditions
include the inpainted background I 9t and the ground truth

niche
cellular layout M lg;yout extracted from real images. During

Method Tissue Type KID (10%) | LPIPS |
Breast Cancer  8.0996 + 0.1658 0.6529 £+ 0.1183
Lung Diseased  7.0095 &+ 0.1204  0.6594 + 0.0984

RNA-CDM Bowel Healthy 8.0931 +£ 04716 0.6752 + 0.1846
Bowel Cancer  7.3069 +0.1712 0.5848 £ 0.1130
Bone Healthy  6.5750 +0.2841 0.7369 + 0.1525
Breast Cancer  5.9643 + 0.1377 0.5896 + 0.1687
Lung Diseased 4.6245 + 0.1022  0.6434 + 0.0903

Ours Bowel Healthy  7.4193 4+ 0.2291  0.6224 + 0.1198
Bowel Cancer  6.9507 + 0.1214  0.5613 + 0.1045
Bone Healthy  3.6090 &+ 0.1028  0.5792 + 0.1595

Table 1: Quantitative comparison with the baseline method across
different data types.

the fine tuning phase, we bridge the domain gap by replac-
ing these oracles with the model generated background I,,;cpe
from the Niche Generation Branch and the synthesized layout
Miayout from the Cell and Community Branch, while main-

.. .. b gt
taining the same supervision signal ;. ;.

4.2 Evaluation Metrics

To evaluate the generation quality comprehensively, we as-
sess the model from two complementary perspectives focus-
ing on distributional consistency and paired similarity. First,
we employ the Kernel Inception Distance (KID) [Bifkowski
et al., 2018] to quantify the alignment between the gener-
ated and real data distributions in the deep feature space. Un-
like FID, KID provides an unbiased estimator of the Max-
imum Mean Discrepancy (MMD) between Inception repre-
sentations, making it more robust particularly given limited
sample sizes. A lower KID score indicates superior over-
all realism and diversity. Second, to measure the fidelity of
synthesized textures and local structures against the ground
truth, we utilize the Learned Perceptual Image Patch Similar-
ity (LPIPS) [Zhang ef al., 2018]. Calculated under a paired
protocol, a lower LPIPS value signifies a higher degree of
perceptual similarity between the generated images and their
real counterparts.

4.3 Performance Evaluation

Quantitative Comparison

Given the nascent nature of the gene to image synthesis task,
there is a scarcity of directly comparable open source archi-
tectures. Consequently, we focus our comparative analysis on
RNA-CDM [Carrillo-Perez et al., 2025] which represents the
current state of the art in diffusion based histological genera-
tion. We confirm that the suggested multi-stage system works
by testing it against this strong baseline on a diverse range of
tissue types.

Table 1 presents the detailed comparative results stratified
by tissue type. We evaluated the models on five distinct sub-
sets: Breast Cancer, Lung Diseased, Bowel Healthy, Bowel
Cancer, and Bone Healthy. The quantitative results show that
our approach consistently outperforms the baseline across
all tissue types, achieving lower KID and LPIPS scores in
every subcategory. These consistent improvements demon-
strate that the proposed hierarchical design generalizes ro-
bustly across diverse anatomical structures and both healthy
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Figure 2: Evaluation of biological fidelity and consistency. (a) Box plots comparing the distribution of cell counts per image patch between
Ground Truth and our Generated results. (b) Scatter plot showing the correlation between the number of nuclei in real versus synthesized
images, with a Pearson correlation of 0.8778. (c) Kernel density estimation plots for nuclear area distributions, demonstrating that the
synthesized cell morphologies closely match the physical properties of real tissues.

and pathological tissue conditions.

Beyond standard perceptual metrics, we extensively evalu-
ated the biological fidelity of the generated tissues. This step
is critical to ensure that the synthesized images are not just
visually plausible but also clinically meaningful. We utilized
a pretrained StarDist model to perform nuclei segmentation
on both real and synthesized datasets. This allowed us to ex-
tract and compare key morphological features including cell
counts and nuclear areas.

Figure 2 illustrates these biological consistency analyses.
We first examined the cellular density preservation. The box
plots in Figure 2a compare the cell count distributions per im-
age patch. The results show that our model accurately repro-
duces the density statistics of the ground truth. The median
values and interquartile ranges align closely between the real
and generated sets. This indicates that the system avoids com-
mon generative issues such as overcrowding or sparse synthe-
sis.

We further quantified this alignment through correlation
analysis. Figure 2b plots the relationship between the ground
truth and generated cell counts for paired samples. We ob-
serve a strong linear relationship characterized by a Pearson
correlation coefficient of 0.8778. Additionally, the low Mean
Absolute Error of 1.13 confirms that the model faithfully re-
constructs the cellular organization from the input conditions.
This implies that the system effectively preserves the spatial
distribution of the community during the texture synthesis
process, avoiding geometric distortions or semantic loss.

Finally, we assessed the geometric accuracy of individ-
ual cells. Figure 2c displays the kernel density estimation
curves for nuclear areas. The distribution of the generated
nuclei overlaps significantly with that of the real nuclei. This
suggests that the model synthesizes cells with realistic sizes
and shapes while effectively maintaining biological variance.
These results collectively confirm that our approach better
preserves key biological properties of tissue architecture.

Qualitative Comparison
Figure 3 illustrates the visual comparison involving three dis-

tinct categories defined as the ground truth ?fnal, the base-
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Figure 3: Qualitative visual comparison of synthesized histopatho-
logical images. The columns labeled as “Ground truth”, “Ours”,
and “RNA-CDM” correspond to the real tissue targets (I Ji’fml), our
synthesized results ( f;nq1), and the baseline predictions (Jpasetine),
respectively. Visual inspection reveals that images generated by the
baseline method frequently exhibit considerable deviations in cel-
Iular morphology and spatial distribution, accompanied by visible
structural fragmentation in the stromal background. In contrast, al-
though our proposed architecture occasionally suffers from a lack of
fine intra-nuclear details and minor texture drift, it faithfully restores
the overall cellular phenotypes, spatial arrangements, and microen-
vironmental context, achieving a significantly higher visual align-
ment with the ground truth.

line prediction Ipqscrine generated by RNA-CDM, and the re-
sult I7;,,q; synthesized by our proposed architecture. While
the baseline model generates visually plausible biological tis-
sues, its predictions show considerable deviations from the
specific ground truth. It produces inconsistent cell shapes and
irregular spatial distributions. Additionally, the background
stroma frequently appears fragmented. By comparison, al-
though our method occasionally lacks sharp nuclear details
and exhibits minor texture drift, it effectively maintains the
overall structural integrity of the tissue. The synthesized im-
ages display clear cell boundaries and realistic community
arrangements. Furthermore, the background stroma closely
matches real H&E slides. These advantages directly result
from our hierarchical strategy. By explicitly separating the
cellular layout from the background, our design avoids the
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Figure 4: Visual demonstration of combinatorial controllability. The

top row displays distinct cellular community layouts Ml((fiom and

the left column presents representative niche backgrounds I ffi)che.
The central grid contains the synthesized tissue images I j(f“{()ﬂ gen-
erated by the fusion model. This matrix illustrates the orthogo-
nal decoupling capability of the architecture where rows exhibit
consistent stromal textures with varying cellular arrangements and
columns preserve spatial organizations under shifting microenviron-

mental contexts.

attribute entanglement common in standard global condition-
ing methods.

Controllability Analysis

A core objective of the proposed system is to achieve control-
lable generation over key structural factors.-We focus on two
observable structural dimensions defined as the niche back-
ground and the cellular community layout. The niche back-
ground represents the microenvironmental texture and style
while the layout defines the spatial organization.

To evaluate this property, we perform a combinatorial grid
analysis as shown in Figure 4. Specifically, for a given set
7@

of representative Niche backgrounds I, ,

layouts M, l(aj;out, we employ the trained Tissue Level Fusion

Model to generate the corresponding matrix of synthesized
tissues Ij(fmz()ll This grid allows the simultaneous observa-
tion of two distinct contrasts. First, we examine the effect
of varying backgrounds while keeping the layout fixed. The
generated images mainly change in global tone and stromal
texture. However, the relative cell positions and community
boundaries remain stable. Second, we vary the layout while
fixing the background. In this scenario, the degree of cellu-
lar aggregation and spatial arrangement change significantly.
Meanwhile, the background style and texture remain consis-
tent. These observations indicate that the model achieves
effective decoupling. The Niche background dominates the
global style and the community layout governs the spatial or-

and community

ganization. This demonstrates that these two factors exhibit
orthogonal controllability during the generation process.

5 Conclusion

In this paper, we presented GeneCaDiff, a cascaded diffu-
sion architecture designed to synthesize histopathological im-
ages from spatial transcriptomics data. Unlike global con-
ditioning methods that often suffer from attribute entangle-
ment, our system explicitly decomposes the generation pro-
cess. We independently model the microenvironmental niche
background and the cellular community layout. This de-
coupled design successfully aligns abstract molecular pro-
files with complex morphological phenotypes. Experimental
evaluations on the HEST-1k dataset show that our approach
demonstrates favorable performance over the state-of-the-art
baseline. Our method achieves superior realism, evidenced
by lower KID and LPIPS scores, and ensures high biological
fidelity. Furthermore, GeneCabDiff enables precise, orthog-
onal control over tissue textures and spatial organizations.
Consequently, this architecture provides a viable alternative
for cross-modal data augmentation in computational pathol-
ogy. Future work will leverage single-cell foundation models
to extract interpretable embeddings. These semantic repre-
sentations will enable more precise control over tissue image
generation.
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