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Abstract. Spatial transcriptomics (ST) prediction from histology re-
quires modeling sparse, zero-inflated, and intrinsically non-negative gene
expression. However, existing generative models evolve in unconstrained
real-valued spaces, allowing trajectories to leave the biological valid sup-
port of count-based data and degrading spatial structure modeling. We
propose BioFlow, a support-preserving flow-matching framework that
embeds non-negativity directly into the generative dynamics via velocity
reparameterization. By constraining the generative dynamics rather than
correcting invalid outputs post hoc, BioFlow maintains trajectory-level
support consistency and aligns generation with the intrinsic geometry
of sparse expression data. Across multiple public ST datasets, BioFlow
achieves state-of-the-art spatial correlation performance while improving
training stability and computational efficiency. These results underscore
the importance of support-consistent generative dynamics for reliable
modeling of sparse biomedical count data. Our source code is available
at https://github.com/hrterry/BioFLow.

Keywords: Spatial Transcriptomics · Generative Model · Constrained
Flow Matching.

1 Introduction

Spatial transcriptomics (ST) [18] enables spatially resolved molecular profiling of
tissue sections, preserving both gene expression and spatial context [5,20,11,3,17,19].
By linking molecular patterns with histopathological morphology [2], ST pro-
vides clinically meaningful insight into tumor heterogeneity and tissue organi-
zation. However, high-throughput ST sequencing remains costly and limited in
availability, whereas hematoxylin and eosin (H&E) whole-slide images (WSIs)
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are routinely acquired in clinical workflows. Predicting spatial gene expression
directly from WSIs therefore presents a scalable alternative for molecular infer-
ence [19,8,15,21]. For such predictions to be reliable, models must respect not
only spatial dependencies but also the intrinsic geometric structure of transcrip-
tomic data.

Existing approaches to histology-conditioned gene expression prediction in-
clude regression-based models (e.g., ST-Net [8], HisToGene [15], TRIPLEX [4]),
graph-based spatial modeling (e.g., HisToST [22], MERGE [7]), and more re-
cently generative approaches such as diffusion [9] and flow matching [13] (e.g.,
STFlow [10], STEM [23]). However, recent generative models typically evolve in
unconstrained Euclidean spaces and may generate negative intermediate states,
without explicitly respecting the admissible domain of gene expression.

This mismatch is particularly relevant for zero-inflated ST expression data,
where many values lie near the boundary of the non-negative orthant. Uncon-
strained trajectories may enter invalid regions, causing the learned vector field
to be optimized on biologically implausible states and thereby biasing trajectory
evolution. Existing remedies enforce validity only at the distributional [10] or
output level [4]: positive-support priors do not prevent off-support trajectories,
while post-hoc projection modifies only the final prediction and cannot fully re-
cover spatial pattern fidelity after the trajectory has evolved (Fig. 1b). These
observations motivate embedding support constraints directly into the genera-
tive dynamics.

To address this issue, we propose BioFlow, a support-preserving flow-matching
framework that reparameterizes the velocity field to keep continuous-time trajec-
tories within the non-negative expression domain. Rather than correcting invalid
outputs after generation, BioFlow constrains the evolution itself. We implement
the constrained dynamics with a lightweight token-based Transformer [16,6]
that captures spatial interactions. Across multiple public ST datasets, BioFlow
achieves state-of-the-art spatial correlation with favorable accuracy-efficiency
trade-offs.

2 Methods

2.1 Problem Formulation

We consider spot-level paired data D = {(Ii, Gi)}Ni=1 , from a tissue slide with N
spots, where Ii ∈ RH×W×3 denotes a WSI histology patch of spatial size H×W
and Gi ∈ RM

≥0 is the corresponding gene expression vector with M genes. Our
goal is to learn the conditional distribution pθ(G | I).

2.2 Conditional Flow Matching

To model pθ(G | I), we adopt Conditional Flow Matching (CFM) [13], which
parameterizes generation through a time-dependent velocity field vθ(x, t | I) in
the expression space. Rather than directly regressing the final expression vector,
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(a) Architecture of BioFlow.
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B. STEM
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C. BioFlow (Ours)
mean trajectory
ground truth @ t=1

Visualization of Generative Trajectories

(b) Empirical generative trajectories across methods.

Fig. 1: Overview of BioFlow. (a) BioFlow predicts the velocity field from his-
tology features, noisy gene-expression states, and time embeddings, while pre-
serving non-negative sampled trajectories. (b) Empirical trajectories in log1p ex-
pression space show that flow matching (STFlow) and diffusion (STEM) may en-
ter the negative region during sampling, whereas support-preserving flow match-
ing (BioFlow) keeps sampled trajectories within the non-negative domain.

CFM learns dynamics that transport samples from a base distribution p0(x) to
the target distribution p1(x | I) along a continuous trajectory {xt}t∈[0,1].
Given a training pair (I,G) ∼ D, we denote the endpoint as x1 ≜ G and sample
x0 ∼ p0(x) from a ZINB prior. A linear interpolation path is constructed as
xt = (1 − t)x0 + tx1, t ∼ Uniform(0, 1). The corresponding target velocity is
u∗(x0, x1) =

dxt

dt = x1 − x0. The velocity network vθ is trained by minimizing

LCFM(θ) = Ex0,x1,t

[
∥vθ(xt, t | I)− u∗(x0, x1)∥22

]
, (1)

where θ denotes the learnable parameters of the vector field vθ. At inference,
gene expression is generated by numerically integrating the learned flow:

xt=1 = Φθ(x0, I) = x0 +

∫ 1

0

vθ(xt, t | I) dt. (2)
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Although the interpolation path is non-negative when both endpoints are non-
negative, the learned velocity field is unconstrained. During sampling, numerical
integration of an unconstrained field may therefore move intermediate states
outside the non-negative admissible domain.

2.3 Support-preserving Flow Dynamics

Gene expression values are inherently non-negative. Rather than enforcing this
property only at the final output, BioFlow constrains the generative dynamics
so that the non-negative orthant is invariant along the trajectory: xt ∈ RM

≥0, ∀t ∈
[0, 1]. Specifically, we reparameterize the velocity field as

v̂θ (xt, t) = −xt

∆
+ ϕ (xt, t) , ϕ(·) ≥ 0, (3)

where ∆ > 0 is a decay time scale and ϕθ is implemented with a softplus activa-
tion. The decay term allows expression values to decrease in the interior of the
non-negative domain, while the non-negative residual term restores expression
values according to the histology-conditioned dynamics.
This parameterization yields a continuous-time non-negativity guarantee. For
each gene dimension j, the dynamics satisfy

dxj(t)

dt
= −xj(t)

∆
+ ϕθ,j(x(t), t | I). (4)

Solving this linear differential equation gives

xj(t) = e−t/∆xj(0) +

∫ t

0

e−(t−s)/∆ϕθ,j(x(s), s | I) ds ≥ 0. (5)

Therefore, if x(0) ∈ RM
≥0, then x(t) ∈ RM

≥0 for all t ∈ [0, 1] under the continuous
BioFlow dynamics. In practice, we use forward Euler integration with step size
h > 0 during sampling

xt+h = xt + hv̂θ(xt, t | I) =
(
1− h

∆

)
xt + hϕθ(xt, t | I). (6)

When 0 < h ≤ ∆, both coefficients are non-negative, and thus xt ≥ 0 implies
xt+h ≥ 0. This gives a discretization guarantee for the Euler sampler used in our
implementation. We set h = 0.05 and ∆ = 0.1 in all experiments, satisfying the
positivity condition.
BioFlow is trained with the same CFM objective, replacing the unconstrained
velocity vθ with the constrained velocity v̂θ

LBioFlow(θ) = Ex0,x1,t

[
∥v̂θ(xt, t | I)− u∗(x0, x1)∥22

]
. (7)

Unlike post-hoc clamping or output-level positivity transforms, BioFlow con-
strains the vector field itself. This makes non-negativity a property of the trajec-
tory dynamics rather than a correction applied after invalid states have occurred.
The constraint preserves the non-negative admissible domain of expression val-
ues, while exact sparsity or zero-pattern preservation is not explicitly enforced.
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Table 1: Comparison of spatial gene expression prediction across datasets.
PCC(H/M/All) denote Pearson correlations computed over the high-, medium-,
and all predicted genes, respectively. Subscript numbers denote standard devia-
tion for PCC(All). BioFlow outperforms competing methods across all datasets
and evaluation levels.
Method HER2ST PRAD READ

PCC(H)↑ PCC(M)↑ PCC(All)↑ PCC(H)↑ PCC(M)↑ PCC(All)↑ PCC(H)↑ PCC(M)↑ PCC(All)↑

MERGE 0.495 0.361 0.209.104 0.447 0.386 0.295.032 0.336 0.301 0.150.067

TRIPLEX 0.467 0.349 0.177.089 0.535 0.461 0.267.055 0.272 0.180 0.006.017

STFlow 0.451 0.340 0.226.183 0.503 0.430 0.289.013 0.457 0.363 0.199.053

BioFlow 0.512 0.412 0.287.207 0.571 0.529 0.401.004 0.517 0.420 0.254.041

2.4 Velocity Field Prediction Network

We parameterize the conditional velocity field with a transformer backbone. As
illustrated in Fig. 1a, histology patches are first encoded using a pathology foun-
dation model (UNI) to obtain patch-level embeddings. These embeddings are
projected into image tokens and concatenated with noisy gene tokens, forming a
unified time-conditioned token sequence. Gated-attention [14] enables global to-
ken interaction, capturing spatial dependencies without predefined graphs. The
output head maps gene-token representations to per-gene velocity predictions at
each time step, parameterizing ϕθ(xt, t, I) in our support-preserving flow. The
architecture can be replaced by other expressive backbones without altering the
formulation.

3 Experiments and Results

Experimental Setup. We evaluate BioFlow on HER2-positive breast cancer
(HER2ST) [1], prostate adenocarcinoma (PRAD), and rectal adenocarcinoma
(READ) from HEST-1k [12], using patient-wise splits; dataset statistics are re-
ported in Table 3. Genes are selected from each training fold by intersecting
the top-ranked genes by mean expression and variance, yielding 431 genes for
HER2ST and 50 genes for PRAD and READ. We report Pearson correlation co-
efficient (PCC) across spots for high-ranked, medium-ranked, and all selected
genes, denoted PCC(H), PCC(M), and PCC(All), respectively. We compare
BioFlow with STFlow, MERGE, TRIPLEX, and STEM. STFlow and TRIPLEX
use the same UNI encoder as BioFlow, whereas MERGE follows its original fea-
ture pipeline; STEM is evaluated separately due to its computational cost.

3.1 Quantitative Results

Overall Performance. Table 1 summarizes quantitative results across three
datasets. BioFlow achieves the highest PCC across all gene strata and datasets.
While baseline methods exhibit noticeable degradation from PCC(H) to PCC(All),
BioFlow maintains more stable accuracy under increasing difficulty. In terms of
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Table 2: Comparison with diffusion-based STEM on PRAD and HER2ST. Re-
sults follow the original STEM setup (UNI+CONCH encoder, preprocessing,
gene panels, PCC-10/50/200 for PRAD and PCC-10/100/400 for HER2ST).
BioFlow attains higher accuracy with significantly lower computation.

PRAD HER2ST

Method GPUHours ↓ PCC-10 ↑ PCC-50 ↑ PCC-200 ↑ PCC-10 ↑ PCC-100 ↑ PCC-400 ↑

STEM 4000 0.610 0.532 0.383 0.829 0.772 0.598
BioFlow 0.3 0.660 0.620 0.526 0.872 0.815 0.732

PCC(All), BioFlow improves over competing methods by +27–62% on HER2ST,
+36–50% on PRAD, and +27–32% on READ, indicating improved robustness
in sparse and heterogeneous regimes.
Accuracy-Efficiency Trade-off. Fig. 2 analyzes predictive performance ver-
sus training cost, measured on the NVIDIA L40S (48GB) GPU under identical
hardware settings. BioFlow attains superior PCC with substantially lower cost.
On HER2ST, BioFlow requires 122 minutes, compared to 396 and 631 minutes
for MERGE and STFlow, and 2800 minutes for TRIPLEX (3–23× faster). Sim-
ilar trends are observed on PRAD and READ (18 and 7 minutes, respectively),
demonstrating favorable scalability across dataset sizes.
Comparison with Diffusion Models. We additionally compare BioFlow with
the diffusion-based model STEM (Table 2). Due to iterative denoising, STEM
requires substantial computational overhead, approximately 4,000 GPU hours
on PRAD (Nvidia A100 GPU), whereas BioFlow completes training in 18 min-
utes on the same hardware. For a fair and reproducible comparison, we adopt the
official STEM configuration with aligned encoder (UNI+CONCH) and prepro-
cessing. Under this matched setup, BioFlow achieves higher predictive accuracy
across gene strata while requiring orders-of-magnitude less computation.
Visualization of Marker Gene Expression. Fig. 3 visualizes AMD1 expres-
sion in PRAD, where BioFlow best recovers the ground-truth spatial pattern
and attains the highest gene-level PCC (0.639).

3.2 Ablation Study

Positivity-by-Design Fixes. We evaluate whether simple output-level pos-
itivity corrections are sufficient. Using STFlow as a controlled backbone, we
compare post-hoc clamping and softplus reparameterization on PRAD (Ta-
ble 4). Although clamping reduces MSE by masking negative deviations in zero-
inflated data, it substantially degrades spatial structure, with PCC(H) dropping
from 0.503 to 0.329 (≈ 35%). Softplus exhibits similar degradation. In contrast,
BioFlow achieves the highest PCC and lowest MAE without such trade-offs.
These results indicate that output-level positivity fixes cannot recover structural
distortions introduced during trajectory evolution, and that enforcing support
constraints at the dynamics level is necessary for stable spatial modeling.
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Fig. 2: PCC(All) vs. training GPU
hours for MERGE, TRIPLEX,
STFlow, and BioFlow on HER2ST,
PRAD, and READ.
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Fig. 3: Representative spatial visual-
ization of AMD1 expression in PRAD
dataset.

Table 3: Dataset statistics. Split:
patient-wise train-test folds; Sam-
ples: total WSI-ST pairs; AvgSpots:
mean number of spatial spots per
slide.
Dataset avgspots Patients Samples Genes Splits

HER2ST 378 8 24 431 8
PRAD 2726 2 23 50 2
READ 1480 2 4 50 2

Table 4: Effect of output-level positivity
fixes on PRAD. STFlow is evaluated with
post-hoc clamping and softplus reparam-
eterization. PCC(H/M/All), MSE, and
MAE are reported. TRIPLEX uses built-
in output clamping.
Method PCC(H)↑ PCC(M)↑ PCC(L)↑ MSE↓ MAE↓

TRIPLEX (clamp) 0.535 0.461 0.267 4.934 1.594
STFlow 0.503 0.430 0.289 1.935 1.265
STFlow + clamp 0.329 0.283 0.196 1.532 1.037
STFlow + softplus 0.308 0.260 0.172 1.730 1.022
BioFlow 0.571 0.529 0.401 1.645 0.995

Non-negative Constraint. Enforcing the support constraint improves both ef-
ficiency and accuracy (Table 5), reducing training time by 20–38% and increasing
PCC across gene subsets. Moreover, PCC remains stable across a range of in-
tegration settings satisfying 0 < h < ∆. Taken together, these results indicate
that support-preserving dynamics enhance stability and generalization without
architectural changes.
Velocity Prediction Network. To disentangle architectural capacity from
support preservation, we replace the STFlow velocity network with our Trans-
former design while disabling the support constraint for fairness. This modifica-
tion yields higher PCC across gene strata, particularly on PCC(All) (Table 6),
indicating stronger spatial modeling capacity.
Sensitivity to ∆ and h. Table 7 shows that BioFlow maintains comparable
performance over feasible parameter pairs satisfying h ≤ ∆, whereas violating
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Table 5: Ablation on the support con-
straint. w/o constraint removes the non-
negative support formulation and pre-
dicts the velocity field directly, while
non-neg enforces the support preserva-
tion. All other settings follow Table 1.
Dataset Method PCC(H)↑ PCC(M)↑ PCC(All)↑ Time (min)↓

HER2ST w/o Constraint 0.506 0.386 0.260 136
Non-neg. 0.512 0.412 0.287 109

PRAD w/o Constraint 0.505 0.469 0.360 29
Non-neg. 0.571 0.529 0.401 18

Table 6: Velocity prediction net-
work ablation. Under identical set-
tings (support constraint disabled),
BioFlow achieves higher PCC than
STFlow across datasets.
Dataset Model PCC(H)↑ PCC(M)↑ PCC(All)↑

HER2ST STFlow 0.453 0.342 0.227
BioFlow 0.506 0.386 0.260

PRAD STFlow 0.503 0.430 0.289
BioFlow 0.505 0.469 0.360

Table 7: Sensitivity of PCC(All) on READ to ∆ and Euler step size h. Bold
entries violate the positivity condition h ≤ ∆.

∆\h 0.02 (50 steps) 0.05 (20 steps) 0.10 (10 steps)

0.20 0.2355 0.2354 0.2393
0.10 0.2555 0.2544 0.2565
0.05 0.2469 0.2557 0.1623
0.02 0.2370 0.0111 −0.0020

this condition causes substantial degradation. We use ∆ = 0.1 and h = 0.05 in
all experiments.

4 Conclusion

We presented BioFlow, a support-preserving flow-matching framework that en-
forces non-negative constraints at the level of generative dynamics rather than
post hoc correction. By aligning trajectory evolution with the intrinsic support
geometry of sparse count data, BioFlow improves structural fidelity, stability,
and computational efficiency. Beyond spatial transcriptomics, our formulation
highlights the importance of geometry-aware generative dynamics for modeling
constrained biomedical data.
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