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Abstract

Diffusion-based generative models have shown considerable
promise in synthesizing histopathology images to address
data scarcity driven by privacy constraints. Text and masks
are complementary modalities that provide valuable insights
beyond the images, serving as effective conditions for gen-
erative models. Text-based diagnostic reports offer high-
level semantic descriptions but may lack structural speci-
ficity, while masks provide pixel-level spatial information
essential for representing distinct regions or structures. Inte-
grating both for image generation is highly beneficial, as it
allows for precise control over high-level semantics and fine-
grained spatial details while maximizing available data—a
particularly valuable strategy given the data scarcity. Un-
fortunately, no publicly available histopathology datasets
contain paired diagnostic reports and masks for the same
images, presenting a significant challenge for scalable data
generation. To address this problem, we propose PathDiff, a
diffusion framework that jointly learns from complementary,
unpaired mask-text data. By integrating both modalities into
a single conditioning space, our model maximizes the utility
of limited data and enables generation with structural and
contextual guidance during inference. Extensive experiments
show that our framework outperforms existing methods in
image fidelity, image-text alignment, image-mask alignment,
and downstream segmentation tasks. Our code and models
will be open-sourced.
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1. Introduction
The recent advancements in computational pathology, driven
by deep learning, are transforming the field of histopathol-
ogy by addressing critical challenges in tasks such as nuclei
classification and segmentation [39], survival prediction [41],
multi-instance learning [11], and transfer learning [39]. De-
spite these successes, a major obstacle persists: the substan-



Figure 1. PathDiff is trained on unpaired datasets, integrat-
ing two conditional modalities —Text and Mask— to enable
versatile image generation. Unlike unimodal conditional models,
PathDiff can generate images conditioned on Text, Mask, or both,
allowing greater control and adaptability in image synthesis.

tial volume of annotated data necessary to effectively train
deep learning models. Moreover, the high costs and domain
expertise required to annotate such data further aggravate
this problem. Pathologists must start with low magnifica-
tion to assess tissue architecture and cellular arrangement,
then shift to higher magnification to evaluate finer details
such as cell morphology, nucleoli appearance, and chro-
matin density. Annotating these intricate features is both
time-consuming and labor-intensive. For instance, fully an-
notating the 1k whole slide images from TCGA dataset1

[9] would require approximately 40k pathologist hours [16].
Overcoming these limitations is essential to fully unlocking
the potential of deep learning in histopathology [42]

Generative models in histology [8, 29] have thus emerged
as a valuable tool to supplement existing datasets, extending
beyond traditional data augmentation [10, 27]. More re-
cently, owing to the superior generation quality of diffusion
models [6, 19], they are widely used for histology image syn-
thesis, either conditioned on diagnostic text reports [16, 45]
or spatial labels like cell nuclei [31, 32] or regions of inter-
est [1]. However, these existing approaches rely solely on
a single modality for conditioning, which limits both the
quality of control and the amount of data that can be utilized.

We recognize the importance of considering text and
masks, as they provide complementary information. The
text offers contextual knowledge, which varies across can-
cer types, grades, disease stages, or tissue abnormalities,
enabling high-level semantic control over the generation pro-
cess. In contrast, spatial masks capture local structural de-
tails, such as cell shapes and types, providing critical spatial
information. Intuitively, simultaneous control of both contex-
tual and spatial information enhances generation. However,
no publicly available datasets include open-world text and
spatial mask annotations alongside images.

We propose PathDiff, a diffusion framework that unifies
1https://www.cancer.gov/ccg/research/genome-sequencing/tcga

text and mask conditions to address the abovementioned
challenges. As shown in Fig. 2, it learns jointly from two
independent datasets: one containing image-text pairs and
the other containing image-mask pairs. By integrating un-
paired text and mask into a single latent space, our model
maximizes the use of complementary data. This enables
more efficient sampling to generate images during inference,
conditioned on text and mask. Our main contributions can
be summarized as follows:
• To address the data scarcity issue in histology image anal-

ysis, we propose a novel diffusion-based framework that
unifies unpaired text and masks conditions within a single
latent space for complementary knowledge exploration.

• Our pipeline enables joint learning from independent text-
image and mask-image datasets, enabling image genera-
tion conditioned on both during inference.

• Empirical evaluations demonstrate that our proposed
model outperforms existing approaches across various
evaluations, including image fidelity, image-text/mask
alignment, and downstream classification and segmenta-
tion tasks.

2. Related Work
Generative adversarial networks [13] have become popular
for medical image synthesis [3, 4, 35]; however, they fre-
quently introduce artifacts, particularly in histopathology
images [30]. In contrast, diffusion-based methods [19] have
demonstrated enhanced image quality in both natural and
medical images [30]. Building on this, Classifier Guidance
[7] was introduced to condition image generation on specific
classes, followed by Classifier-Free Guidance (CFG) [18],
which eliminates the need for an auxiliary classifier. Latent
Diffusion Models (LDMs) [37] further enhance the compu-
tational efficiency, while ControlNet [47] utilizes CFG to
introduce multiple spatial controls in Text-to-Image LDMs
[37]. Recent approaches for conditional histopathology im-
age generation emphasize text- and mask-based conditioning,
which we briefly review in the following sections.

2.1. Text to Histopathology Image Synthesis

The application of diffusion models in text-conditioned
histopathology image generation remains limited. Sum-
marized reports from the Large Text-Image histopathology
dataset TCGA-BRCA [9] were used for text-conditioned
image generation in [45] in conjunction with text annotated
Tumor-Infiltrating Lymphocyte (TIL) and Tumor probabili-
ties from off the shelf classifiers. Genome sequencing data
from the TCGA-BRCA dataset was used in [29], where
heavier weights were assigned to earlier steps and lower
weights to later steps in the diffusion process to focus on mor-
phological features. Authors in [16] train diffusion model
conditioned on Self Supervised Learnt (SSL) embeddings.
An auxiliary diffusion model is trained on SSL embedding



Figure 2. (a) PathDiff Training Framework: A training sample is drawn from either the Mask-to-Image (M2I) or the Text-to-Image (T2I)
dataset, determined by the probability psplit, which controls the connection of the Switch. The missing condition in each case is set to ∅.
When the Switch selects a sample from the M2I dataset, the Mask-to-Image loss LM2I is applied; when it selects from the T2I dataset, the
Text-to-Image loss LT2I is used. This approach enables joint training of a single diffusion model on both datasets. (b) Image Generation:
During generation, both conditions, cm (mask) and ct (text), are applied to produce samples that unify both conditions.

paired with Quilt [24] image embeddings. At the time of
inference, text embeddings are used as proxies for image
embedding allowing for text-to-image synthesis. However,
note that none of these methods use mask conditions in
conjunction with text.

2.2. Mask to Histopathology Image Synthesis

The authors of [1] propose a hierarchical diffusion model
to generate large whole-slide images (WSIs) conditioned
on synthesized regions of interest. But, this approach does
not incorporate fine-grained, cell-level masks. In [32], a
text-driven approach is used first to generate cell masks,
which along with their distance maps are then used to condi-
tion histopathology image synthesis. However, this method
does not allow for fine-grained control over the spatial place-
ment of the masks. In [46], the diffusion model is trained
to synthesize nuclei structures as pixel-level semantic and
distance-transform maps, which are then post-processed into
instance maps. This is followed by a conditional diffusion
model to generate histopathology images. Similarly, [28]
introduces a cell-point map to synthesize cell-type masks
and images jointly. To tackle class imbalance, [31] employs
a Semantic-Diffusion-Model (SDM) [44] for data synthesis,
effectively balancing class variance in nuclei datasets.

In contrast, PathDiff uniquely generates histopathology
images by unifying mask and text conditions from unpaired
datasets, which is beyond the scope of the works discussed
above.

3. Method
3.1. Background

Diffusion models. Diffusion Models [19] are generative
models that gradually add noise to data through a forward
diffusion process, followed by a reverse denoising process
that reconstructs the original sample. The forward process
corrupts the data sample x0 through iterative noise addition
controlled by a schedule αt:

q(xt|xt−1) = N (xt;
√
1− αt xt−1, αtI), (1)

where αt is a predefined noise schedule. The noisy sample xt

can be computed by xt =
√
ᾱtx0 +

√
1− ᾱtϵ, where ᾱt =∏t

i=1(1− αi) and ϵ ∈ N (0, 1) is a random Gaussian noise.
The reverse process, parameterized by a neural network pθ,
learns a time-conditioned model to remove the noise added
at each step.

Latent Diffusion Models (LDMs) work in a compressed
latent space zt rather than the high-dimensional data
space [37], where the data x0 is encoded as z0 through an
encoder. LDMs learn to minimize the objective,

L = Ez0,t,ϵ∼N (0,1)

[
∥ϵ− ϵθ(zt, t)∥22

]
, (2)

where ϵθ is the model’s predicted noise at time t. Ow-
ing to the relevance to score-based generation models, the
model estimates the log density of the distribution zt, i.e.,
ϵθ(zt, t) ≈ −∇zt log p(zt).



Classifier-free guidance. In the denoising process, dif-
ferent conditional inputs c (text, image, depth, mask, etc.)
can be added to control the generation, so the denoising
model predicts ϵθ(zt, t, c). In classifier-free guidance [18],
a single neural network is used to parameterize both the un-
conditional denoising diffusion model pθ(z) and conditional
denoising diffusion model pθ(z|c). While training, with
some probability puncond, the unconditional model receives
a null token, ∅ as c. puncond is set as a hyperparameter.
While sampling, a linear combination of conditional and
unconditional score estimates is used:

ϵ̃θ(zt, t, c) = (1 + w)ϵθ(zt, t, c)− wϵθ(zt, t). (3)

3.2. PathDiff

Histopathology image synthesis requires both high-level se-
mantic guidance and precise structural fidelity. Existing
methods [47] often require paired text and mask data, lim-
iting their practicality due to the scarcity of such paired
datasets in the histopathology domain. To address these
challenges, we propose a unified framework, PathDiff, that
leverages unpaired text and mask conditions, enabling fine-
grained control over semantic and spatial features. This
approach eliminates the need for paired data, supporting
flexible and realistic image generation for downstream tasks.

Formally, let DT2I = {(xt, ct)i} and DM2I =
{(xm, cm)i} represent two unpaired datasets, where DT2I

consists of image-text pairs and DM2I contains image-
mask pairs, with no overlapping images between the two
datasets. We aim to learn a latent denoising diffusion model
pθ(zt|t, ct, cm) that generates image samples conditioned on
text ct and mask cm.

Joint training on unpaired datasets. The training
pipeline, illustrated in Fig. 2 (a) and detailed in Algorithm 1,
takes as input triplets of noisy latent, conditional mask, and
conditional text, (xt, cm, ct). We adopt a sampling strat-
egy alternating between T2I and M2I datasets, allowing
the model to learn from both sources and effectively in-
tegrate text and mask conditions. Specifically, we jointly
train PathDiff by sampling data from the T2I dataset with
probability psplit and from the M2I dataset with probabil-
ity 1 − psplit. When sampling from DT2I dataset, we set
cm = ∅m, leading to a training triplet of (xt,∅m, ct). Sim-
ilarly, when sampling from DM2I, we set ct = ∅t, resulting
in a training sample of (xm, cm,∅t). Following existing
methods [37], we set ∅t as an empty string. For ∅m, while
previous works [31, 32, 44] use a zero vector, we instead
use a mask filled with an invalid label, as zero in our dataset
indicates a background mask. Additionally, for robustness,
we apply unconditional training by setting both ct = ∅t and
cm = ∅m with a small probability puncond, as suggested
in [47]. This training pipeline effectively allows PathDiff to
learn from both unpaired conditions, enhancing its ability to
generate realistic images conditioned on both modalities.

Algorithm 1 Joint Training on Unpaired Datasets
Require: puncond: probability of unconditional training, Text-to-Image

dataset DT2I, Mask-to-Image dataset MT2I, psplit: probability of
sampling from DT2I

1: repeat
2: if u ∼ Uniform[0,1] ≥ psplit then
3: (z0, cm = ∅m, ct) ∼ p1(z0, ct) ▷ Sample data from DT2I

4: ct ← ∅t with probability puncond ▷ Randomly discard text

5: else
6: (z0, cm, ct = ∅t) ∼ p2(z0, cm) ▷ Sample data from DM2I

7: cm ← ∅m with probability puncond ▷ Randomly discard mask

8: t ∼ Uniform{1, ..,T} ▷ Sample timestep

9: ϵ ∼ N (0, I) ▷ Sample noise

10: zt =
√
ᾱt z0 +

√
1− ᾱt ϵ ▷ Corrupt data

11: Take gradient step on:
∥ϵ− ϵθ(zt, t, cm, ct)∥2 with respect to∇θ ▷ Optimizing PathDiff

12: until converged

Following ControlNet [47] to add spatial control over
image generation, we duplicate parts of the U-Net’s down-
sampling and middle layers, adding zero convolution layers
to these duplicates. Outputs from these layers are integrated
into the original U-Net’s skip connections. U-Net was pre-
trained on the T2I histopathology dataset before duplicating.
Conditional mask is embedded with shallow CNN before
adding as input to the U-Net encoder, while text embeddings
are extracted from PLIP: pathology CLIP [21] and crossat-
tended with U-Net layers. We use VAE from [45] trained on
the TCGA-BRCA [9] histopathology dataset to encode and
decode images. However, as noted by [45], reconstruction
loss significantly affects the generation quality; therefore,
we study its effect in supplementary. As shown in Fig. 2, all
models are frozen except the copied-U-Net encoder.

We employ a latent diffusion pipeline [37] to train PathD-
iff. A shared VAE encoder-decoder is used for both datasets,
resulting in a unified latent representation z. This approach
assumes that the VAE can compress and reconstruct images
from both datasets without significant loss, maintaining a
consistent latent representation across domains.

Optimization loss. PathDiff jointly optimizes the diffu-
sion model pθ to predict the noise added at every step t of the
noising process. When the training sample is sampled from
DT2I it minimizes loss with respect to sample xt ∈ DT2I,

LT2I = Ez0,t,ϵ∼N (0,1)

[
∥ϵ− ϵθ(zt, t,∅m, ct)∥22

]
(4)

similarly, for training samples from DM2I it minimizes the
loss with respect to sample xm ∈ DM2I ,

LM2I = Ez0,t,ϵ∼N (0,1)

[
∥ϵ− ϵθ(zt, t, cm,∅t)∥22

]
(5)

Unified conditional sampling. Since PathDiff is jointly
trained on both DT2I and DM2I datasets, it can be queried
to sample images conditioned on both ct and cm, effec-
tively unifying these conditions as guidance, as illustrated



in Fig. 4 (c). The image generation process is illustrated
in Fig. 2 (b). During inference, we generate images using
classifier-free guidance [18], updating the predicted noise
with the model using Eq. (3). The conditioning variable
c can take values from c ∈ {(∅m, ct), (cm,∅t), (cm, ct)}.
We can selectively generate images from either distribution
by setting one of the conditions to ∅. Specifically,

zt ∼


pθ(zt|t, ct) if c = (∅m, ct),

pθ(zt|t, cm) if c = (cm,∅t),

pθ(zt|t, cm, ct) if c = (cm, ct).

Tab. 1 concretely defines these variations. Our model can se-
lectively generate images based on the conditions illustrated
in Fig. 3 and Fig. 4 (b). We present extensive experiments
on images drawn from each model variant in Sec. 4.

Method Training Generation

Mask Text Mask Text

Diffmix [31] ✓ ✗ ✓ ✗
SDM [44] ✓ ✗ ✓ ✗
ControlNet-M [47] [a] ✓ ✗ ✓ ✗
ControlNet-T [47] [a] ✓ ✗ ✗ ✓
Ours-M ✓ ✓ ✓ ✗
Ours-T ✓ ✓ ✗ ✓
Ours-M+T ✓ ✓ ✓ ✓

Table 1. Conditioning inputs at training and generation stages
for all methods. Method-T uses Text for generation, Method-M
uses Mask for generation, Method-M+T uses Both Text and Mask
for generation. [a] ControlNet-M and ControlNet-T are not trained
on the T2I dataset PathCap [40]. However, it uses locked Stable
Diffusion [37] backbone finetuned on PathCap for training and
generation.

4. Experiments

We evaluate our method in two main aspects: the quality of
the generated images and the effectiveness of using synthetic
images as additional training data for downstream segmenta-
tion tasks. We evaluate image generation quality in Sec. 4.3,
focusing on image fidelity, image-mask faithfulness, and
alignment quality between images and text. Additionally,
the utility of the synthetic images in downstream segmen-
tation tasks is detailed in Sec. 4.4. We also discusses the
domain experts’ survey results in Sec. 4.5. As outlined in
Tab. 1, PathDiff was jointly trained on M2I and T2I datasets;
however, we can generate images conditioned on text, mask,
or both. Each of these variants is evaluated separately. Simi-
larly, we use two variants of ControlNet [47] (as defined in
Tab. 1), for a fair and inclusive comparison.

4.1. Datasets

We use three mask-image histopathology datasets (Panuke
[12], CoNIC [15], and MoNuSAC [43]) and one text-image
dataset (PathCap [40]) to conduct a comparative analysis
across multiple metrics, evaluating various diffusion meth-
ods and their related downstream tasks.

PanNuke dataset [12] provides annotated histopathology
images across 19 tissue types with 189,744 annotated nuclei
in five classes (neoplastic, inflammatory, connective, dead,
and epithelial). The dataset is highly imbalanced [23] and
one of the most challenging to perform the segmentation
task [25].

CoNIC dataset [15] is one of the most extensive publicly
available histopathology datasets, containing approximately
535,000 labeled colon nuclei across six cell types: epithelial,
lymphocytes, plasma cells, eosinophils, neutrophils, and
connective tissue cells.

MoNuSAC [43] spans four organs (lung, prostate, kid-
ney, and breast) and includes over 46,000 annotated nuclear
boundaries collected from diverse sources for four cell types:
epithelial cells, lymphocytes, macrophages, and neutrophils.

PathCap [40] includes 207K pathology image-caption
pairs, 197K from PubMed and guidelines, and 10K annotated
by expert cytologists in liquid-based cytology (LBC). We
used a 100K subset of PathCap containing only H&E-stained
histology images to ensure consistency with the three mask-
image datasets, which are also H&E-stained.

Data splits: All the four datasets were split in an 8:2
train-to-test ratio. Train and test split for downstream tasks
coincides with the split of generation experiments. For down-
stream tasks, we use synthetic samples generated exclusively
from the training split as additional training data in all ex-
periments, ensuring a fair comparison among the synthetic
models.

4.2. Implementation Details

PathDiff is trained on 256×256 image patches. We resize
patches for the MoNuSAC [43] and PathCap [40] datasets by
taking crops of size 256×256 from WSIs. PanNuke [12] and
CoNIC [15] datasets both have images with size 256×256.
Our model is trained for 60 epochs on 4 NVIDIA A6000
GPUs with a batch size 72 and a learning rate of 3.75×10−5

with 1000 warmup steps. We use DDIM sampling [38] with
100 steps and a classifier-free guidance scale set to 1.5 for
image generation. We train CellViT on a single NVIDIA
RTX A6000 for 130 epochs (with the first 30 epochs frozen),
using a batch size of 16 and a learning rate of 0.001, retaining
all other training parameters from the original work.

4.3. Image Generation Quality

Image Generation Fidelity: To evaluate the quality of gen-
erated images, we use CLIP-FID following [16, 34]. As FID
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Figure 3. Synthetic images generated by PathDiff on Mask to image datasets (a) PanNuke [12], (b) CoNIC [15], (c) MoNuSAC [43].
PathDiff closely follows the spatial structures defined by the cell type label map, producing synthetic images that closely resemble the spatial
arrangement of real images.

Method
PanNuke CoNIC MoNuSAC

FID ↓ KID ↓ FID ↓ KID ↓ FID ↓ KID ↓ FID ↓ KID ↓ FID ↓ KID ↓ FID ↓ KID ↓
Diffmix [31] 7.28 0.0492 8.32 0.0536 8.09 0.0966 8.58 0.0937 9.25 0.1036 16.78 0.35
SDM [44] 7.14 0.1147 7.13 0.1149 8.27 0.0709 9.80 0.0737 7.46 0.1278 9.44 0.1340
ControlNet-M [47] 16.44 0.0705 15.36 0.7722 6.76 0.0790 6.79 0.0695 20.06 0.1050 20.56 0.1068

Ours-M 6.94 0.0389 7.21 0.0415 5.64 0.0524 5.54 0.0488 6.71 0.0616 6.99 0.0758
Ours-M+T 11.03 0.0718 12.32 0.0952 6.28 0.0730 6.73 0.0758 7.16 0.0782 6.60 0.0874

Table 2. Comparison of CLIP-FID [17, 36] and KID [2] across training and test splits for PanNuke [12], CoNIC [15], and
MoNuSAC [43]. Ours-M and Ours-M+T are trained jointly with the text-image dataset: PathCap [40]. The best results are in bold and the
second best is underlined.

Method PanNuke CoNIC MoNuSAC

FS1 ↑ FS2 ↑ FS1 ↑ FS2 ↑ FS1 ↑ FS2 ↑
SDM [44] 0.7025 0.6826 0.7433 0.7376 0.6377 0.6104
ControlNet-M [47] 0.6990 0.6821 0.7629 0.7537 0.6317 0.6081
Diffmix [31] 0.7419 0.6964 0.7597 0.7163 0.6488 0.6182

Ours-M 0.7437 0.7406 0.7873 0.7632 0.6519 0.6308
Ours-M+T 0.7324 0.7187 0.7581 0.7245 0.6412 0.6238

Table 3. Faithfulness scores for the PanNuke [12], CoNIC [15],
and MoNuSAC [43] datasets. FS1 measures the adherence of syn-
thetic images to the spatial structure of real masks by computing
DICE(Mpred

syn ,Mreal). At the same time, FS2 assesses the simi-
larity between synthetic and real images for potential downstream
tasks, calculated as DICE(Mpred

syn ,Mpred
real ).

is sensitive to the number of images, we also report Kernel In-
ception Distance (KID) [2] to provide an unbiased estimate.
As shown in Tab. 2, PathDiff-M achieves the best genera-
tion quality in terms of FID and KID compared against the
existing mask-to-image generation methods: Diffmix [31],
SDM [44] and ControlNet [47]. Fig. 3 presents qualitative
examples generated by PathDiff-M.

Mask-to-Image Faithfulness: To evaluate whether the
generated images adhere to the spatial guidance provided by
the masks, we use the evaluation protocol of SPADE [33],
also termed as Faithfulness Score (FS) [26]. Auxiliary
segmentation model [23] S is trained on train split of
mask-image datasets. Real images Ireal from test split
(Ireal,Mreal) are passed through S to get predicted seg-
mentation masks Mpred

real . Synthetic images generated by
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"Hematoxylin and eosin 
staining of left ventricular 
myocardial tissues 
suggests attenuation of 
myocardial injury. 
Representative image of 
hematoxylin and eosin 
staining of tissue section 
from the severe acute 
pancreatitis group."
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Figure 4. Qualitative examples demonstrating the effectiveness of unifying guidance from both text and mask conditions for image
generation. (a) Real images are shown with their respective text-based descriptions. (b) PathDiff-T generated images conditioned solely
on text replicate the visual attributes observed in real images, with the mask condition set to ∅m. (c) PathDiff-M+T generated images
conditioned on the same text ct and an additional mask cm accurately incorporate the visual features of the real images and adhere to the
specified cell mask structure.

PathDiff-M conditioned on masks Mreal are passed through
S to get predicted segmentation masks Mpred

syn . FS1 calcu-
lates DICE(Mpred

syn ,Mreal), FS2 on other hand calculates
DICE(Mpred

syn ,Mpred
real ). As shown in Tab. 3, we attain the

best FS1 and FS2 among methods, indicating that the syn-
thetic images closely align with the real masks and reach a
similarity to real images that enhances their utility for down-
stream segmentation tasks. PathDiff-M+T, conditioned on
text and mask, achieves competitive FS1 and FS2 scores,
demonstrating its ability to incorporate image features rele-
vant to text without compromising mask alignment. PathDiff-
M intuitively achieves the highest score for image-mask
alignment compared to PathDiff-M+T. Notably, compared
with the counterparts [31, 44, 47], which also sample from
the single mask condition, the joint training strategy in
PathDiff-M demonstrates a superior ability to learn from
the limited data.

Text-to-Image Alignment: Fig. 4 presents qualitative
samples generated by PatDiff-T conditioned on only text;
images generated replicate visual attributes about the text
as observed in real images. Tab. 4 presents FID and KID
scores compared to ControlNet-T [47] conditioned only on

text. We also use metric - PLIP [21] cosine similarity to
evaluate the consistency between image and text embed-
dings. High PLIP image similarity scores indicate better
alignment between text and images. Ours-T has the highest
PLIP score of ≥ 24.17, indicating good alignment between
texts and generated images. Ours-T variant performs better
than ControlNet-T on FID [17] and KID [2] across all M2I
constituent datasets, indicating large T2I datasets can be
jointly trained with a wide range of M2I datasets.

4.4. Downstream tasks

To evaluate the utility of the generated images, we use them
as additional training data for segmentation model: CellViT
[20] (SAM-B variant) backbone with HoVer-Net [14] as the
decoder. Tab. 5 compares segmentation and classification
performance across multiple metrics, including Dice, Jac-
card, AJI (Aggregated Jaccard Index), HD95 [22] (95th per-
centile Hausdorff Distance), F1 score, Precision, and Recall.
We note that our proposed method consistently improves the
performace across various metrics on all the three datasets.
In segmentation tasks on PanNuke, Ours-M achieves the
highest Dice score (0.8164) and performs well across other
metrics like Jaccard (0.7122) and AJI (0.7117). Similarly, in



Method
M2I Dataset: PanNuke M2I Dataset: CoNIC M2I Dataset: MoNuSAC

Train Test Train Test Train Test

FID ↓ KID ↓ PLIP ↑ FID ↓ KID ↓ PLIP ↑ FID ↓ KID ↓ PLIP ↑ FID ↓ KID ↓ PLIP ↑ FID ↓ KID ↓ PLIP ↑ FID ↓ KID ↓ PLIP ↑
ControlNet-T [47] 45.39 0.0872 23.27 45.04 0.0886 22.95 26.32 0.1275 21.97 25.10 0.1269 21.98 28.66 0.1111 21.88 29.86 0.1091 21.76

Ours-T 18.52 0.0619 24.18 19.60 0.0644 24.05 18.97 0.0640 24.03 19.96 0.0655 24.17 13.72 0.0538 24.17 14.04 0.0557 24.66
Ours-M+T 14.39 0.0884 23.01 14.26 0.1059 22.80 11.12 0.1059 22.09 11.78 0.1032 21.75 12.64 0.1338 22.18 14.19 0.1764 21.66

Table 4. Comparison of CLIP-FID [17, 36], KID [2], and PLIP [21]similarity scores for training and test splits for text-image dataset:
PathCap. Ours-M and Ours-M+T are trained jointly with three mask-image datasets: PanNuke [12], CoNIC [15], and MoNuSAC [43].
PLIP similarity scores on real PathCap [40] train and test splits are 26.34 and 26.56, respectively, as a reference for the comparison.

classification tasks on PanNuke, Ours-M achieves a strong
F1 score of 0.8161 with balanced precision and recall. On
the CoNIC dataset, Ours-M again leads in segmentation with
a Dice score of 0.8356 and performs well in classification
with an F1 score of 0.8053. On MoNuSAC, where perfor-
mance is generally lower across all methods, Ours-M still
outperforms others in segmentation with a Dice score of
0.7221 and achieves an F1 score of 0.7115 for classification.
Notably, Ours-M+T, and in some cases the baseline, achieve
the second-best performance on downstream tasks. Pertinent
to mention is that when evaluating the classification and seg-
mentation performance, the split used included only real test
data.

4.5. Domain expert assessment

As pointed out in [1], we acknowledge that traditional fi-
delity metrics like FID [17] are only somewhat applicable
to histological images as large image datasets like Ima-
geNet [5] would unlikely have images from this specific
domain. Therefore, we conduct expert evaluation to validate
the efficiency of the generated samples. We surveyed two
domain experts—a physician and a pathology researcher—to
review the generated data, to assess if the samples accurately
reflect the characteristics of real specimens.

Expert Image Preference Assessment: We presented
domain experts with 200 synthetic images generated from
PathDiff, SDM [44], ControlNet [47], DiffMix [31]. Each
Quadruplet of images was generated using the same condi-
tional mask. Domain experts were asked to choose one of
the four images that looked most real. As shown in Fig. 5
(a), domain experts preferred PathDiff-generated images
significantly more than the existing SOTA methods, indicat-
ing our generated images look more realistic to an expert
eye.

Expert Turing Test: In this experiment, domain experts
are presented with an equal number of real and synthetic im-
ages in random order. Real labels of images are hidden. We
ask to choose whether the given image looks real or synthetic.
As presented in the confusion matrix in Fig. 5 (b), domain
experts struggled to consistently identify real and synthetic
images, with many misclassifications occurring in both di-
rections (real images labeled as synthetic and vice versa). Of
all synthetic images presented, 31 were misclassified as real
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Figure 5. Results of Domain expert survey: (a) PathDiff gen-
erated images are significantly preferred as real by experts. (b)
Roughly 60% of synthetic images (31 out of 52) were labeled as
real, suggesting synthetic images looked real to an expert eye.

by domain experts, compared to only 21 correctly identified
as synthetic. The high misclassification rate of synthetic
images (approximately 60% labeled as real) indicates that
our synthetic images are realistic enough, making it difficult
for domain experts to distinguish them from real images.

5. Conclusion

To address data scarcity in histopathology image analysis,
we propose a novel diffusion framework that simultaneously
leverages diagnostic reports as contextual guidance and mask
inputs for precise spatial control. We demonstrate that a joint
conditional diffusion model can be learned to unify condi-
tions from unpaired data using classifier-free guidance max-
imizing the use of limited existing data and allowing us to
achieve the best performance across a variety of experiments
evaluating image quality and downstream tasks.
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Dataset Method Segmentation Classification

Dice ↑ Jaccard ↑ AJI ↑ HD (95) ↓ F1 ↑ Precision ↑ Recall ↑

PanNuke

Baseline 0.7834 0.6951 0.6904 6.81 0.7826 0.7472 0.8215

w/ SDM 0.7891 0.6816 0.6729 6.26 0.7792 0.8014 0.7581
w/ ControlNet 0.8093 0.6979 0.6954 5.87 0.8134 0.8354 0.7925

w/ Ours-M 0.8164 0.7122 0.7117 5.12 0.8161 0.7827 0.8524
w/ Ours-M+T 0.7947 0.7040 0.7018 5.74 0.7949 0.7803 0.8100

CoNIC

Baseline 0.7927 0.6978 0.6917 4.38 0.7614 0.7153 0.8138

w/ SDM 0.8007 0.6846 0.6846 4.50 0.7883 0.7620 0.8164
w/ ControlNet 0.8076 0.6999 0.6950 3.16 0.8000 0.8344 0.7683

w/ Ours-M 0.8356 0.7195 0.7141 2.97 0.8053 0.7795 0.8328
w/ Ours-M+T 0.8114 0.7003 0.7003 3.41 0.7751 0.7572 0.7938

MoNuSAC

Baseline 0.7089 0.6131 0.6097 6.77 0.6652 0.6383 0.6944

w/ SDM 0.6783 0.5744 0.5731 6.49 0.6685 0.6940 0.6448
w/ ControlNet 0.6940 0.5852 0.5800 6.54 0.6843 0.6533 0.7183

w/ Ours-M 0.7221 0.6197 0.6192 5.88 0.7115 0.6951 0.7286
w/ Ours-M+T 0.7124 0.6072 0.6067 6.25 0.6861 0.6569 0.7187

Table 5. Comparison of segmentation and classification metrics across different datasets and methods on CellViT model. The Baseline
is only trained with real data, and the rest of the methods have synthetic data added in equal proportion to the train set.
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6. Scaling Augmentation in Downstream Tasks
To evaluate the impact of synthetic data augmentation on
downstream tasks, we created three augmented sets for train-
ing the CellViT [23] model on the PanNuke [12] dataset.
These augmented datasets were generated from the training
split, conditioned on both masks and text descriptions, and
evaluated on the real test split. They were incrementally
added to the training process while keeping the size of the
real train split constant.

Scaling the augmentation set progressively improves the
classification and segmentation performance of the training
data, as shown in Fig. 6, with the 3x and 2.5x augmented syn-
thetic datasets outperforming the relatively smaller ones on
all metrics. After 2.5x, the performance metrics plateau.
These results demonstrate that PathDiff effectively con-
tributes valuable synthetic data in every augmented set, con-
sistently improving model performance across all down-
stream tasks as the size of the synthetic set increases, high-
lighting the utility of PathDiff in generating high-quality
data for histopathology image analysis.

7. Qualitative Comparison of Synthetic Images
In this section, we present a qualitative comparison of
synthesized images generated by PathDiff, DiffMix [31],
SDM [44], and ControlNet [47].

7.1. Mask-to-Image examples

Fig. 7 shows a comparison of synthetic images generated on
the PanNuke [12], CoNIC [15], and MoNuSAC [43] datasets.
As illustrated in the figure, images generated by DiffMix ap-
pear very coarse with additional artifacts and fail to preserve
the accurate stain colors observed in the original images.
Consistent with observations reported by [28], we find that
SDM-generated images display unrealistic color overlay arti-
facts. The color distribution of ControlNet-generated images
appears highly inconsistent, being significantly inaccurate
in some cases while better than others in certain instances.
On the other hand, PathDiff accurately follows the cell mask
and maintains the stain colors.

7.2. Text-to-Image examples

Fig. 8 shows samples generated by PathDiff and ControlNet.
As with images conditioned on masks, ControlNet fails to
preserve details in the original image and exhibits impractical

colors uncommon in histopathology images. This explains
the high FID and KID values compared to PathDiff in Tab.3
of the main paper.

8. Considerations for choosing values of psplit
When training jointly on two datasets—Text-to-Image and
Mask-to-Image—psplit controls the proportion of data sam-
pled from each of them. We evaluate performance with three
values of psplit: 0.2, 0.5, and 0.8. Results using only text
are shown in Table 6, mask-only conditioning in Tab. 7, and
both text and mask conditioning in Tab. 8.

In these experiments, psplit = 0.5 strikes a balance,
explaining why we chose this value in the main paper.
While it seems logical to assign a larger probability to the
larger dataset to cover more of its samples, we found that
psplit = 0.5 works well in practice.

psplit
PathCap: Train PathCap: Test

FID ↓ KID ↓ PLIP ↑ FID ↓ KID ↓ PLIP ↑
psplit = 0.2 16.33 0.0624 24.43 15.74 0.0603 24.50
psplit = 0.5 18.52 0.0619 24.18 19.60 0.0644 24.05
psplit = 0.8 19.58 0.0649 24.34 18.87 0.0626 24.27

Table 6. Considerations for psplit. CLIP-FID [17, 36], KID [2],
and PLIP [21] similarity scores for different psplit values on Path-
Cap [40], with text condition ct used for sampling. PLIP [21]
similarity scores on the real PathCap train and test splits are 26.34
and 26.56, respectively, provided as a reference for comparison.

psplit
PanNuke: Train PanNuke: Test

FID ↓ KID ↓ FID ↓ KID ↓
psplit = 0.2 7.36 0.0525 7.88 0.0559
psplit = 0.5 6.94 0.0389 7.28 0.0415
psplit = 0.8 8.57 0.0584 8.97 0.0707

Table 7. Considerations for psplit. CLIP-FID [17, 36], KID [2]
for different psplit values on PanNuke [12] dataset. Only mask
condition cm was used for sampling.

9. Finetuning VAE
The reconstruction performance of VAEs [37, 45] plays a
crucial role in the fidelity of generated images. Losses intro-



(a) Segmentation - Dice

(b) Segmentation - Jaccard & AJI (c) Segmentation - HD (95) (d) Classification

Figure 6. Comparison of segmentation and classification metrics on the PanNuke [12] dataset across augmentation scaling factors.
The addition of PathDIff-generated synthetic data consistently increases downstream classification and segmentation performance. 1x uses
one synthetic augmentation set equal to the real train split size; 1.5x adds another synthetic set equal to 1.5 times the real train split size and
so on. After 2.5x, the performance metrics plateau.

psplit

PanNuke PathCap

Train Test Train Test

FID ↓ KID ↓ FID ↓ KID ↓ FID ↓ KID ↓ PLIP ↑ FID ↓ KID ↓ PLIP ↑
psplit = 0.2 10.25 0.0672 11.99 0.0800 15.21 0.0846 23.01 16.07 0.0956 22.81
psplit = 0.5 11.03 0.0718 12.32 0.0952 14.39 0.0884 23.01 14.26 0.1059 22.80
psplit = 0.8 9.723 0.0729 10.37 0.0862 12.78 0.0955 22.97 12.53 0.1107 22.70

Table 8. Consideration for psplit. CLIP-FID [17, 36], KID [2], and PLIP [21] similarity scores for different psplit values for PanNuke [12]
and PathCap [40]. We used both text ct and mask cm for sampling.

duced during the compression and decompression stages in
VAEs compound with the denoising process losses in subse-
quent stages, directly impacting the quality of the generated
images.

Initially, we used the VQ-VAE from [45], which was
trained on the TCGA-BRCA [9] dataset containing whole-
slide images (WSIs) exclusively from breast tissues. While
this VAE outperforms the one from [37], which was trained
on natural images, its applicability is limited as it lacks
representation of diverse tissue types. We fine-tuned the VAE
on the datasets used in this work, including PanNuke [12],
PathCap [40], CoNIC [15], and MoNuSAC [43].

As demonstrated in Tab. 9, fine-tuning the VAE on these
datasets results in improvements across all reconstruction
and generation metrics. However, these improvements, while
consistent, are relatively modest.

VAE Trained on Metrics

LPIPS ↓ SSIM ↑ MSE ↓ FID ↓
TCGA-BRCA [9] 0.0462 0.7962 0.0084 6.94
Datasets: D 0.0429 0.8212 0.0070 6.31

Table 9. Effect of fine-tuning VAE on datasets D: PanNuke [12],
PathCap [40], MoNuSAC [43], and CoNIC [15].

10. Details about Domain Expert Survey

We used an interactive web-based tool to conduct a domain
experts survey. Clear instructions were given to evaluate
the images. Fig. 9 and Fig. 10 show the web interface used
for the domain expert image preference experiment and the
Turing test respectively.
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Figure 7. Qualitative comparison of synthetic images generated by PathDiff, DiffMix [31], SDM [44], and ControlNet [47] on the
CoNIC [15], MoNuSAC [43], and PanNuke [12] datasets.



Histological section of 
the  adrenal metastatic 
disease showing tumor 
cells of varying sizes 
with oval shapes, 
eosinophilic cytoplasm, 
and
 prominent small 
nucleoli.

Microphotograph of 
histology of the 
symptomatic upper outer 
quadrant lesion of the 
right breast showing 
multiple papillomatosis 
and low grade ductal 
carcinoma in situ (DCIS).

Microscopic findings of a 
large cell 
neuroendocrine 
carcinoma showing 
sheets of tumor cells 
with a trabecular or 
organoid growth pattern 
in the subcutaneous 
area.
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H&E staining 
revealed glandular 
ductal cancer cells.

Post-operative 
specimen showing 
gram-positive cocci 
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aggregates.

Inflammatory cell 
infiltration was 
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of the ulcer of the 
duplication intestine, 
without the presence 
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mucosa.
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replaces the 
hematogenous marrow.

Histological appearance 
of disseminated 
peritoneal 
leiomyomatosis tumor 
showing myxoid matrix 
infiltrated into adipose 
tissue.

Figure 8. Qualitative comparison of synthetic images generated by PathDiff and ControlNet [47] on the PathCap [40] dataset.



11. Ethics Statement
This work aims to generate synthetic histopathology images
to address data scarcity while ensuring patient privacy, and
supporting research and algorithm development responsibly.
• Privacy: All data used is publicly available, ensuring no

patient-identifiable information is involved. The generated
synthetic images are entirely artificial and do not corre-
spond to real patients.

• Transparency: We will open-source our code and mod-
els to promote transparency and enable evaluation and
validation by the research community.

• Responsible Usage: The synthetic data is for research and
training only and must not be used in clinical decision-
making; Usage guidelines will be provided in the open-
source repository for clarification.

• Bias and Limitations: Synthetic data may reflect biases
inherent in the original datasets. We encourage users to
critically evaluate these biases and use the data responsibly
to avoid misuse and misrepresentation.
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