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1.Introduction

Traditional solutions Ours GeneVAR

Why WSI:

Histological Whole Slide Image (WSI) classification is essential in digital pathology, automating diagnosis and sub-typing while

extracting insights from high-resolution scansto support prognosis and treatment planning

Why Gene-to-WSI:

Understanding how transcriptomic programs shape tissue morphology remains a central challenge in computational pathology.

Gene-to-WSI tile synthesis offers a principled generative framework to translate molecular profiles into histological images.

Strategy:

Most existing methods compress RNA-Seq into a single global embedding injected once at initialization, an oversimplified design

that weakens transcriptomic signals. We present GeneVAR, an Autoregressive Gene-to-WSI model that reformulates synthesis as an

iterative, coarse-to-fine generative process。



Motivation

1.Introduction

Solution
Despite recent progress, Gene-to-WSI tile synthesis

remains underdeveloped. Existing methods typically

compress RNA-Seq profiles into low-dimensional

embeddings to condition GANs or diffusion models.

However, this design has three key limitations: (1) one-

time conditioning leads to signal decay, causing

generated images to drift from gene-driven morphology;

(2) fixed-resolution synthesis imposes scale rigidity,

reducing cross-scale consistency.

Embeddings are learned in a purely correlational manner,

leaving models vulnerable to confounders. An iterative

paradigm alone does not immunize the generative trajectory

against confounders, such as tumor purity, and staining

variability, whose correlational footprints can divert decoding

from gene-driven semantics.

Coarse-to-Fine: To address these challenges, we

reformulate Gene-to-WSI synthesis as an iterative, coarse-

to-fine generative process in which transcriptomic signals

are injected at multiple stages during generation rather

than used once at initialization. Building on this principle,

we propose Gene VAR-the first autoregressive Gene-to-

WSI model that delivers step-wise molecular

reinforcement while preserving structural coherence and

causal fidelity.

Causal MeanFlow：r-CM is introduced as a gene-driven

causal module intrinsically embedded in the auto regressive

trajectory. Within this framework, a Structural Causal

Model (SCM) governs generative updates from coarse to

fine semantics, ensuring that causal factors, i.e., semantic

information regulated by gene expression, remain

consistent, while non-causal factors are suppressed.



1.Introduction
Overall, the contributions of this work can be summarized as:

◆Paradigm Shift. GeneVAR reformulates Gene-to-WSI synthesis as an iterative, coarse-to-fine

generative process in which transcriptomic signals are injected at multiple stages across

scales, overcoming the signal decay and rigidity of static global embeddings.

◆Causal Fidelity. By integrating the novel Causal MeanFlow module into the autoregressive

trajectory, GeneVAR disentangles transcriptomic effects from confounders, ensuring that

morphological synthesis remains biologically grounded and causally aligned.

◆State-of-the-Art Performance. Comprehensive evaluation on five TCGA cohorts

demonstrates that GeneVAR attains the lowest FID and the highest accuracy in downstream

classification, setting a new benchmark for both generative fidelity and functional utility.



2.Method
• Multi-Scale Vector Quantization：
We employ multi-scale vector quantization (MSVQ) to discretize a WSI tile X ∈ 𝑅𝐻×𝑊×𝐶

into K hierarchical token maps 𝑆 = {s𝑘}𝑘=1
𝑛 , where each 𝑠𝑘 ∈ 𝑅ℎ𝑘×𝑤𝑘 represents a

discrete map at scale k.
• Problem Reformulation：
Gene-to-WSI synthesis should preserve transcriptomic guidance dynamically across
scales. However, existing methods collapse RNA-Seq into static embeddings injected
once, leading to signal decay, scale rigidity, and spurious correlations. To overcome these
issues, we reformulate Gene-to-WSI synthesis as a coarse-to-fine autoregressive process,
where an image is quantized into hierarchical token maps 𝑆 = {s𝑘}𝑘=1

𝑛 and generated
sequentially under recurrent guidance from g:

𝑠𝑘 = 𝑃Θ(𝑠<𝑘, 𝐠)
Here, g is injected at multiple stages rather than only once at initialization, ensuring that
transcriptomic signals re-main persistently active throughout the generative trajectory
while leveraging the distributional strength of autoregressive models.



2.Method

Fig. 2 presents an overview of our GeneVAR, an Autoregressive Gene-to-WSI model that reformulates synthesis 
as an iterative, coarse-to-fine generative process. At its core is a novel Causal MeanFlow module that reinforces 
transcriptome-informed guidance at multiple stages and mitigates non-causal factors through counterfactual-
style interventions, thereby ensuring biological fidelity throughout the generative trajectory. 



2.Method
Causal MeanFlow：

Counterfactual examples construction and velocity formulation:



2.Method
RNA-Guided Masked Autoregression:
We formulate GeneVAR as an autoregressive model over tokenized sequences, This

factorization is realized by a ViT-based transformer with a causal mask, ensuring that

generation proceeds strictly left-to-right under continuous transcriptomic conditioning, akin to

GPT-2, as shown in Eq.11.



3.Quantitative 
Results

1.GeneVAR achieves leading generative performance (FID) across all 

datasets, setting new benchmarks.

3. For downstream evaluation (tile-level and

slide-level classification), we train tile-level and

WSI-level classifiers on synthetic tiles and

report F1-score, accuracy (ACC), and AUC.

2 . While FID captures visual idelity,

biological plausibility is critical for clinical

relevance. We confirm that GeneVAR not

only preserves overall cell composition but

also generates morphologies consistent with

cancer type, demonstrating biological

realism beyond mere visual fidelity.



3.Qualitative 
Interpretability

Synthetic Vs. Real tiles. Panel A. Cell-type distributions in real and synthetic tiles 
across TCGA cohorts. Panel B. HoverNet visualizations showing consistent cellular 
composition between synthetic and real samples.

Lymphocyte Distribution Comparison

between WSIs generated from bulk

RNA-Seq and those generated from

hematopoietic-deconvolved expression.

Ly m p h o c y t e p r o p o r t i o n s s h o w

consistently increased trends across

TCGA-CESC, TCGA-COAD, TCGA-

KIRP and TCGA-LUAD.



4.Conclusion
In this work, we introduced GeneVAR, an autoregressive Gene-to-WSI tile synthesis model that unites multi-stage
transcriptomic conditioning with causality-aware modeling. By reformulating synthesis as an iterative, coarse-to-fine
autoregressive process, GeneVAR continually reinforces transcriptomic signals, mitigating signal decay and ensuring
cross-scale consistency. At its core lies the Causal Mean-Flow module, guided by RNA-Seq embeddings, which uses
counterfactual interventions to suppress spurious variation and enforce causal fidelity in morphology. Beyond
benchmarking, GeneVAR serves as a controllable tool for probing gene-morphology relationships under transcriptomic
perturbations, opening new avenues for integrative studies in computational pathology.


