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Abstract. Nuclei segmentation and classification are fundamental to
computational pathology, yet the performance of supervised deep learn-
ing approaches is often hampered by the scarcity of large-scale, accu-
rately annotated datasets. Although generative data augmentation of-
fers a promising solution, existing methods remain constrained by inef-
ficient training and limited efficacy on small-scale annotated datasets.
To address these issues, we propose a novel multimodal conditioned
framework based on optimal transport flow matching (OTFM) to syn-
thesize high-fidelity nuclei mask and pathology image pairs. Our frame-
work employs synchronous multimodal conditioning to efficiently utilize
small-scale datasets for generating aligned nuclei mask-image pairs, and
adopts few-step sampling to accelerate inference. To ensure biologically
plausible mask generation, we integrate cell center points and text de-
scriptions as conditions to preserve spatial layout consistency. Further-
more, self-supervised learning (SSL) feature representations extracted
from pathology foundation models are incorporated as additional condi-
tions, providing morphological guidance for synthesizing high-fidelity, ac-
curately aligned pathology images. Extensive experiments on pathology
nuclei datasets show that our framework consistently improves perfor-
mance in nuclei segmentation and classification tasks. Code is available
at https://github.com/zhangyn1415/MMCFM-PNDA.

Keywords: Computational pathology - Flow matching models - Foun-
dation models - Nuclei segmentation and classification - Data augmenta-
tion.

1 Introduction

The rapid advancement of computational pathology (CPath) has facilitated the
widespread adoption of deep learning (DL) models in pathological diagnosis. Nu-
clei segmentation and classification serve as fundamental steps for tissue analysis,
providing critical information on cellular architecture and enabling quantitative
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studies of disease pathology [22, 20, 6]. However, fully supervised DL methods
remain constrained by the scarcity of large-scale, accurately annotated datasets
due to the labor-intensive nature of manual nucleus annotation [14, 11]. Genera-
tive data augmentation, which employs generative models to synthesize realistic
pathology images, has emerged as an effective strategy to enhance DL model
performance across medical imaging tasks [12]. Recently, flow matching (FM)
has emerged as an efficient generative modeling paradigm, offering improved
convergence properties and sampling efficiency compared to traditional score-
based diffusion approaches by establishing straight probability paths between
distributions [13].

In nuclei segmentation and classification, existing generative augmentation
methods [24, 27, 21] typically rely on nuclei masks as conditions, resulting in lim-
ited controllability and realism, as pathology images exhibit organ and tissue-
specific textural characteristics not fully captured by nuclei masks alone [15].
Recent works incorporate text descriptions as additional conditions with diffu-
sion frameworks, yet they suffer from inefficient multi-stage training and require
numerous sampling steps [18,1,23]. Moreover, text descriptions alone provide
insufficient guidance for capturing detailed morphological and textural features
of pathology images.

Computational pathology foundation models (CPathFMs), pretrained on
large-scale unlabeled histopathology data via self-supervised learning (SSL),
demonstrate strong generalization capabilities [3,17]. SSL features extracted
from CPathFMs preserve rich visual characteristics, serving as effective con-
ditional guidance for high-fidelity pathology image generation [9].

In this paper, we propose a novel multimodal conditioned flow matching
framework for synthesizing high-fidelity, accurately aligned nuclei mask and
pathology image pairs. Specifically, we adopt synchronous multimodal condi-
tioning based on optimal transport flow matching (OTFM), enabling end-to-end
training and few-step sampling to improve both training and inference efficiency.
For nuclei mask synthesis, we integrate cell center points and textual descriptions
as conditions to preserve spatially consistent layouts aligned with pathological
knowledge. For pathology image synthesis, we further incorporate SSL feature
representations from CPathFMs to provide fine-grained morphological and tex-
tural guidance. Extensive experiments on multiple nuclei segmentation and clas-
sification datasets demonstrate that our synthetic data substantially improves
downstream task performance. The main contributions are:

(1) A novel multimodal conditioned flow matching framework for synthesiz-
ing paired nuclei masks and pathology images, effectively enhancing DL model
performance in nuclei segmentation and classification tasks.

(2) Integration of multimodal conditions combining SSL feature represen-
tations from CPathFMs and text embeddings from pathology vision-language
models (VLMs) to guide high-fidelity pathology image synthesis.

(3) Synchronous multimodal conditioning based on OTFM that achieves im-
proved training and inference efficiency through end-to-end training and few-step
sampling.
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Fig. 1. Architecture of our multimodal conditioned flow matching framework for syn-
thesizing pathology image-mask pairs.

2 Method

In this section, we present our framework for synthesizing paired nuclei masks
and pathology images, as illustrated in Fig. 1. The pathology nuclei datasets
consists of pathology image € R *W*3 and nuclei mask y € RI*WXK where
K represents the number of nuclei types. The following sections detail our ap-
proach: Section 2.1 introduces flow matching, Section 2.2 describes pathology
image synthesis, and Section 2.3 presents nuclei mask synthesis.

2.1 Flow matching models

Flow matching models generate data by deterministically transforming samples
from a simple Gaussian distribution to a target data distribution. In contrast
to diffusion models that rely on stochastic differential equations (SDEs), FM
models establishes a straight-line trajectory between the noise sample xy and
data sample z1, parameterized as:

zy = (1 —t)xo + tx1, t€][0,1]. (1)

We adopt optimal transport flow matching, which pairs noise and data sam-
ples via optimal transport coupling to establish straight probability paths. The
OTFM loss is defined as:

Lorem = E(zg,ay) [|(z1 = 20) — ve(as, 1)|3] (2)

During inference, data samples are synthesized by integrating the learned vector
field:

T1 =To + / U9(I'ra7_)d7—7 (3)

which corresponds to solving the ordinary differential equation dx;/dt = vg(xy, t).

As illustrated in Fig. 2(a), this formulation enables image synthesis with fewer
sampling steps compared to diffusion-based approaches.
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Fig. 2. (a) Hlustration of sampling process. (b) Ilustration of the U-Net architecture.
(c) SSL feature and text embedding fusion modules.

2.2 Multimodal conditional pathology image synthesis

We synthesize pathology images by conditioning the flow matching model on nu-
clei type maps c¢,,, text embeddings cqext, and SSL features ¢y = Ege1(w) € R%s!
extracted from a pathology foundation model £g. These conditions provide com-
plementary structural, semantic, and morphological guidance for high-fidelity
pathology image generation.

As shown in Fig. 1(b), the nuclei type maps ¢, = yes € RT*W*K derived
from nuclei mask label y, are encoded by an auxiliary U-Net branch and injected
into the decoder via zero convolutions, ensuring that synthesized pathology im-
ages retain accurate nuclei structures and type information. Textual descriptions
provide complementary semantic information, specifying organ tissue types and
nuclei class proportions. We integrate text embeddings cCiext € Rétext extracted
from a pathology VLM via cross-attention in the deeper U-Net layers, where the
reduced spatial resolution enables efficient computation and the abstract feature
representations naturally align with the semantic content of the text (Fig. 2).

SSL features encode fine-grained morphological and textural priors that guide
generative models toward realistic pathology image synthesis [9]. We introduce
an SSL feature fusion module (SFFM) to incorporate these features across all
U-Net layers (Fig. 2(c)). For feature maps h; at layer j, SFFM computes:

h; = Wy - SiLU(Norm(h;)),  hj = hj + Wics, (4)

where W, is a 3 x 3 convolution, Norm(+) is group normalization, and W is
a linear projection. By integrating SFFM into every U-Net layer, SSL features
provide multi-scale guidance that captures both texture and morphological struc-
ture, enabling high-fidelity pathology image synthesis.

Our framework enables end-to-end synchronous training of multimodal con-
ditions, leveraging the training efficiency of OTFM to achieve faster convergence
than multi-stage diffusion-based approaches. The training objective is defined as:

'CPFM = ExOuxlycsslyctcxtacm [H(‘rl - LEQ) - Ue(xta t, Cssly Crext Cm)H%} . (5)

2.3 Multi-class nuclei mask label synthesis

We synthesize multi-class nuclei masks by conditioning the FM model on text
embeddings cext and cell center points ¢, derived from nuclei mask label y. As



Multimodal-Conditioned Flow Matching for Nuclei Augmentation 5

shown in Fig. 1(b), these conditions provide complementary semantic and geo-
metric guidance for generating nuclei masks with accurate cellular arrangements.

From a multi-class nuclei mask y, we extract the nuclei type map y.s =
clamp(y, 0,1) and instance map yinse = maxy, y[... x- The cellular spatial layout
is represented by cell center points ¢, € RIXWXK and encoded by an auxiliary
U-Net branch with zero-convolution injection to preserve geometric fidelity.

To further guide instance-level nuclei synthesis, we derive additional spatial
representations: a binary nuclei mask § € R¥*Wx1 and horizontal-vertical dis-
tance maps yn, € REXW*2 The synthesized nuclei mask is formed as: y' =
[Yels, Us Ynv], and post-processed via watershed segmentation to obtain instance-
aware results: yf . = watershed(cp, ¥, Ynv), yielding the final instance-aware
multi-class nuclei mask label (y/, Yins)-

As illustrated in Fig. 2, we preserve the U-Net architecture and text embed-
dings ctext are used as conditions. The training objective combines velocity field
prediction with multimodal conditioning:

LxeM = Eyg g1 ey 131 = 90) = v6(ye T, Crexes p) 3] (6)

where yo ~ N(0,I) is a noise sample, y; denotes the target mask 3’, and y; =
(1 — t)yo + ty; follows the FM formulation.

3 Experiment and Results

3.1 Pathology nuclei datasets

PanNuke [5] contains 189,744 annotated nuclei across 19 organ types, cate-
gorized into five classes; we adopt the standard three-fold split, using the first
two folds for training and the last for test. EndoNuke [16] comprises 1,780 en-
dometrial immunohistochemistry (IHC) image patches with 215,758 nuclei across
three categories, using a 60%/40% split. Lizard [7] provides nearly one million
annotated nuclei from colon whole-slide images (WSIs) across five sub-datasets,
with patches from three sub-datasets used for training and the remaining two
for test.

3.2 Implementation details

Our framework was trained on 256x256 image patches for 150 epochs with a
batch size of 4 and learning rate of 10~* using an NVIDIA RTX 4090 GPU. Our
U-Net consists of five resolution levels, with text embeddings integrated into the
three lowest-resolution levels. In downstream tasks, we trained CellViT [10] with
a batch size of 16 for 100 epochs, freezing the first 15 epochs and using a learning
rate of 0.003 while keeping other parameters default. SSL features were extracted
using the pretrained image encoder UNI [2]| for PanNuke and EndoNuke, and
Virchow?2 [29] for Lizard. Text descriptions were encoded via the text encoder
of MUSK [25].
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Fig. 3. Visual comparison of image generation performance with PanNuke.

Table 1. Quantitative evaluation of image generation quality with PanNuke.

Method  pix2pixHD SPADE Nudiff ConNucDA CPGN PathDiff Ours

CLIP-FID 8.12 8.72 20.15 7.94 5.46 10.36 4.51
KID 92.73 93.06 116.83 65.66 57.62 67.17 50.91
LPIPS 49.76 49.05 58.53 48.45 47.75 49.45 47.11
IS(1) 2.82 2.95 2.97 3.06 3.05 2.92 3.35
mDice(?) 46.65 46.28 45.58 46.52 47.15 45.85 47.58
mloU(?) 43.85 43.65 43.28 44.12 45.05 43.52 45.57

3.3 Image generation quality

We compare our method against GAN-based [24, 19, 28] and diffusion-based [27,
18, 1] generative approaches. While existing methods incorporate text descrip-
tions as additional conditions, they are often limited by insufficient conditioning
information or inefficient multi-stage training, resulting in uncertain morpho-
logical and textural features in synthesized pathology images. In contrast, our
framework integrates SSL features with end-to-end synchronous training of mul-
timodal conditions, enabling more accurate synthesis of tissue-specific textures
and morphologies. As shown in Fig. 3, our generated images better preserve
nuclei morphology and tissue characteristics.

Quantitative comparison For fair evaluation, we use pathology images
synthesized by different methods as additional training data for the nuclei seg-
mentation model HoVerNet [8]. Table 1 presents the comparison results mea-
sured by segmentation metrics (mDice, mIoU) and image quality metrics (IS,
CLIP-FID, KID, LPIPS). Our method consistently outperforms baselines across
all metrics, indicating more accurate synthesis of multi-class nuclei morphology
and spatial distributions.

Inference efficiency As shown in Fig. 3, our framework generates pathology
images with few-step sampling, whereas 10-step and 100-step DDIM sampling
[18] generate blurry images lacking cellular detail. Table 2 compares synthesis
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quality across different sampling steps, demonstrating the efficiency advantage
of our approach for pathology image generation.

Table 2. Ablation study with PanNuke.

Cssl Ctext Steps  CLIP-FID KID LPIPS IS(1) mDice(t) mloU(?)

X X 10 20.02 104.84 55.28 2.58 42.42 31.95
X v 10 5.68 58.65 48.21 3.06 44.38 42.16
v X 10 5.13 53.45 47.74 3.16 44.82 42.75
v v 5 4.88 50.31 47.19 3.32 45.32 43.45
v v 10 4.51 50.91 47.11 3.35 45.29 43.51
v v 50 4.67 50.58 47.25 3.39 45.01 43.39

Ablation study We conduct an ablation study on PanNuke to assess the contri-
bution of each framework component (Table 2). Our framework fully integrates
multimodal conditions to improve semantic alignment with tissue descriptions
and enhance morphological details. Combined with nuclei masks, these condi-
tions yield precise structural correspondence and high-fidelity pathology images.

Table 3. Effectiveness of the proposed data augmentation method with CellViT.

Datset PanNuke EndoNuke Lizard
Split | Baseline +30% +60%| Baseline +30% +60%| Baseline +30% +60%
Dice 81.57 82.56 82.72| 93.08 93.34 93.46| 74.21 T74.85 75.13
ToU 70.43 71.98 72.08 87.15 87.65 87.92| 60.50 61.61 61.67
mPQ 44.49 45.57 45.64| 58.04 58.64 58.53 26.59 27.54 27.48
F1 80.10 80.25 80.38 84.44 84.81 84.91 68.38 68.89 69.04

Downstream tasks Fig. 4 shows examples of synthesized nuclei mask and
pathology image pairs. We evaluate our data augmentation approach using Cel-
IViT as the baseline model. The original training set is augmented with synthetic
mask-image pairs at 30% and 60% ratios. Performance is measured using Dice
and IoU for segmentation, and mean Panoptic Quality (mPQ) and Fl-score
for classification and detection. Table 3 shows consistent improvements across
diverse pathology nuclei datasets, validating the effectiveness of our data aug-
mentation method.

Visualization Fig. 5(a) shows that synthetic masks from our method closely
align with real mask distributions. Quantitative morphological comparisons (area,
perimeter, eccentricity, solidity) further confirm this alignment, with all relative
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Fig. 4. Samples of synthesized pathology images and nuclei mask labels.
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Fig. 5. Visualization of feature distributions using t-SNE. (a) Multi-class nuclei masks
across datasets. (b) Generated pathology images from PanNuke using different meth-
ods. (c) Pathology images from Lizard. (d) Comparison of different CPathFMs.

differences below 3% across the three datasets. For PanNuke, real features ex-
hibit dispersed distributions reflecting organ and tissue diversity (Fig. 5(b)).
Our synthetic images better approximate this dispersion, enhancing visual real-
ism. This improvement is attributed to the integration of SSL features, which
provide accurate morphological and textural priors. For Lizard, where training
and test samples originate from different sub-datasets, Fig. 5(c) shows that our
synthesized images approach the distribution of unseen test data, validating the
generalization and domain adaptation capabilities of CPathFMs. We further val-
idate the performance of diverse CPathFMs in Lizard and results in Fig. 5(d)
indicate Virchow?2 slightly outperforms other models [4, 26].

4 Conclusion

We propose a multimodal conditioned flow matching framework for synthesizing
paired nuclei masks and pathology images. To generate high-fidelity pathology
images with accurate morphological and textural details, we integrate SSL fea-
tures from pathology foundation models and text embeddings as additional con-
ditions. For nuclei mask synthesis, we incorporate cell center points to preserve
spatially consistent layouts aligned with pathological knowledge. Our framework
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adopts synchronous multimodal conditioning based on OTFM to improve train-
ing efficiency, and leverages few-step sampling for accelerated inference. Experi-
mental results on datasets encompassing diverse cell types and staining protocols
confirm that our method consistently improves the performance of DL models
in pathology nuclei segmentation and classification tasks.
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