
INFORMATION AND CONTROL SYSTEMS:
SYSTEMS AND CONTROL PROCESSES

66 TECHNOLOGY AUDIT AND PRODUCTION RESERVES — No. 2/2(88), 2026

ISSN-L 2664-9969; E-ISSN 2706-5448

UDC 004.8:004.932.72:616-091.8 

DOI: 10.15587/2706-5448.2026.355663

DEVELOPMENT OF A PARAMETER-

EFFICIENT METHOD FOR 

BIOMEDICAL IMAGE SYNTHESIS 

BY SUBSTITUTING TEXT 

CONDITIONING WITH PATHOLOGY 

FOUNDATION MODEL EMBEDDINGS 

IN LATENT DIFFUSION

The object of research is the process of synthesizing patches of histopathological images conditioned by embeddings of the pathology 
foundation model. One of the key problems is that existing approaches to diffusion synthesis either rely on text conditioning via CLIP 
encoders, which lack morphological understanding, or require full retraining of the generative base model, which requires significant 
computational resources.

The research used a parameter-efficient adaptation of the previously trained latent diffusion model using low-rank adaptation (LoRA) 
of the U-Net attention layers in combination with a training MLP projector that reflects the embeddings of the pathology foundation 
model UNI2-h in the conditioning space of the cross-attention mechanism. Ablation studies of 12 configurations were conducted varying 
the adapter rank, the number of conditioning tokens, and the projector architecture.

It is confirmed that embeddings of the pathology foundation model can effectively replace text conditioning for the synthesis 
of histopathology images in a parameter-efficient mode. The optimal configuration achieved FID 77.59 on the validation set and  
FID 84.17 on the test set when training only 5.53 million parameters, which is 0.64% of the parameters of the base model. This is due 
to the fact that the proposed method has a number of characteristic features, in particular: embeddings of the pathology foundation 
model provide morphologically richer conditioning than CLIP-based text representations, and low rank adaptation limits the trainable 
space to the conditioning pathway.

This provides the possibility of generating histopathology images without text annotations and without full retraining of the model 
using approximately 12 GB of video memory. Compared to the previous text-conditioned approach on the same dataset, which dem-
onstrated class-wise FID values in the range of 113 to 138, the embedding conditioning method provides significantly higher generation 
quality while maintaining parameter efficiency.
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1. Introduction

The cost of obtaining the high-quality, annotated image da-
tasets required for automated histopathology analysis is a problem.  
Large, well-annotated datasets take a great deal of expertise and a lot 
of time to create: a single WSI is a gigapixel-scale image. Labeling such 
image at the pixel level will take hours of an expert’s time per slide. 
For example, the CAMELYON benchmark is illustrative of this diffi-
culty – 1,399 annotated WSIs totaling approximately 3 terabytes were 
produced in a collaborative multi-institutional effort that is rare outside 
of benchmark projects [1].

In addition to workforce and regulatory issues, there are other con-
straints limiting the availability of histopathology data. Several recent 
reviews have documented ongoing pathologist shortages and increas-
ing complexity of diagnosis in major health care systems [2]. Privacy  

laws (HIPAA/GDPR) and institutional governance policies limit the 
ability to share patient-derived data [3]; thus, training datasets are frag-
mented across institutions and jurisdictions. Additionally, histopathol-
ogy datasets suffer from extreme class imbalance, so that rare cancer 
subtypes appear very infrequently compared to common tissue types, 
which causes models to systematically favor the majority classes [4, 5]. 
This is why the use of synthetic data for generating additional examples 
of underrepresented classes and rare morphologies is considered a use-
ful complementary approach to directly sharing patient data. However, 
the privacy risk of memorization needs to be evaluated when deploying 
synthetic data pipelines.

To generate realistic tissue images for data augmentation purposes, 
generative models satisfy this requirement. Medical image synthesis, 
including histopathology, has primarily employed GAN-based and 
class/mask conditioned models  [6]. However, these models typically 
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require task-specific annotation and can be difficult to scale to diverse, 
high-resolution morphology. Partly it is caused by their tendency to 
experience unstable training and/or poor mode coverage compared to 
diffusion backbones [7, 8]. Recently, latent diffusion models (LDMs) [9] 
have emerged as a broadly adopted paradigm for generating high-fi-
delity images of biological tissues, achieving impressive performance 
while working in a compressed latent space. However, adapting LDMs 
to new specialized domains usually requires significant modification 
of the substantial portion of the U-Net architecture, which is compu-
tationally expensive. Standard stable diffusion is specifically designed 
for generating images conditioned on the output of a pre-trained text 
encoder [9, 10]. Typically, proxy captions are created through report-
to-captions pipelines; however, there is a one-to-many relationship 
between the nuances of morphology and short textual descriptions. 
In particular, describing the distinctions between well-differentiated 
and poorly differentiated adenocarcinomas, in terms that pre-trained 
text encoders can reliably detect, is difficult. Features that contrib-
ute to diagnoses arise from subtle variations in cellular architecture 
and staining patterns that are difficult to describe concisely verbally. 
Thus, text conditioning offers relatively little flexibility in controlling 
fine-grain morphology and stain-dependent features in histopathology.

Self-supervised pathology foundation models present an alternative 
conditioning signal that is more directly related to tissue morphology. 
Self-supervised pathology models, such as UNI and UNI2-h [11], have 
been trained on large WSI collections using self-supervised objectives. 
These models produce rich, task-agnostic representations of morphol-
ogy that contain diagnostically relevant information without requir-
ing explicit labels. Since these representations of morphology exist 
in a compact, semantically meaningful format, they serve as a natural 
control signal for guiding the synthesis process and avoid the limitations 
associated with text.

Recent studies have explored the use of diffusion-based histopa-
thology synthesis using several different conditioning strategies; how-
ever, each of these approaches has its own limitations. Text-conditioned 
methods, such as the one described in [12], utilize captions generated 
from reports or metadata; thus, they inherit the limitations of the text 
encoder. Representation-guided method in paper [13] demonstrates the 
feasibility of utilizing self-supervised representations to condition the 
synthesis process and fine-tune ImageNet pre-trained U-Net weights. 
However, such methods require significant computational resources 
and do not leverage parameter-efficient adaptation strategies. Hybrid 
method proposed in paper [14] utilizes parameter-efficient LoRA ad-
aptation [15] to adapt the pre-trained Stable Diffusion; however, they 
retain the text encoder and therefore require text prompts. No previous 
study has been found that utilizes both parameter-efficient adaptation 
of a pre-trained latent diffusion backbone and pathology foundation 
model embeddings as the sole conditioning signal without relying on 
a text encoder. 

This gap is addressed through focus on patch-level synthesis, and 
using pathology foundation embeddings computed from input tiles 
to condition generation. Morphology-preserving data augmentation 
may be enabled via generating many variations of images reflecting 
underrepresented classes or infrequently observed morphologies; each 
sample varies due to random sampling in the diffusion model. The da-
taset is divided so that there is no overlap between the sets used to train 
and evaluate the models, thereby preventing the potential of informa-
tion leakage. A lightweight projector replaces the original text encoder, 
projecting these pathology foundation embeddings to create cross-
attention conditioning tokens, and LoRA adapters are inserted into 
the U-Net’s attention layers. Compared to previous methods, suggested 
approach requires only a very small number of backbone parameters to 
be updated, enabling the generation of pathology-conditioned images 
without text-based prompts. Unlike text-based prompts, the condition-
ing signals are generated automatically based on the tissue morphology 

using a pre-trained pathology encoder. This eliminates the requirement 
for manually authored captions or the need for human engineers to 
design prompts.

Systematic ablation studies have been performed on LoRA rank, 
the number of conditioning tokens, projector architectures and the 
learning rate ratio to quantify the trade-offs between compute and 
quality. Proposed method can be trained on a modern consumer 
GPU (e. g., with 16 GB of memory) depending on the resolution and 
batch size and therefore provides practical guidelines for deployment 
in limited-resource environments. As such, this method should be 
viewed not as a replacement for curated real-world datasets, but as 
complementary to them.

The application of generative adversarial networks (GANs) to 
histopathology image synthesis is a theme represented in a growing 
body of literature, indicating the success of GANs for data augmenta-
tion, with several authors observing increases in classification accuracy 
across various downstream classification tasks  [6]. However, as men-
tioned earlier, one of the primary drawbacks of GANs is their tendency 
to unstable training and mode collapse when generating a wide range 
of tissue patterns. In paper [7], the authors reviewed many issues associ-
ated with training GANs in biomedical imaging and noted that mode 
collapse remains a significant problem, leading to fewer varied tissue 
patterns. This has resulted in researchers looking into other approaches 
to image synthesis including diffusion models.

In recent years, diffusion models have emerged as a dominant form 
of high-fidelity image synthesis. A popular formulation was presented in 
paper [16] in which it was demonstrated that denoising iterations could 
produce high-quality samples, comparable to GANs. More recently, in 
paper [8] the authors presented that diffusion models can either match 
or exceed GANs on standard benchmarks with FID scores of 2.97 on 
class-conditional ImageNet 128x128 and 4.59 on ImageNet 256 × 256. 
In order to address the high computational cost of performing diffusion 
in the pixel space, latent diffusion models (LDMs) that perform denois-
ing in a compact latent space were developed [9].

Stable diffusion uses both a spatial autoencoder for compressing 
the input image and a U-Net-based denoiser. As outlined in the LDM 
framework [9], a general cross-attention conditioning mechanism was 
introduced that accommodates diverse types of conditioning signals. 
Many popular implementations of Stable Diffusion, such as those us-
ing CLIP-based text encoders [10], generate embeddings that are then 
integrated through cross-attention layers in the U-Net. However, CLIP-
based text encoders may be poorly suited for histopathology because 
the semantic gap between visual morphology and natural language 
significantly limits the precision and fine-grained morphological dis-
tinctions achievable through conditioning.

Pathology foundation models offer an alternative conditioning 
paradigm for medical image synthesis. In paper  [11], UNI, a self-su-
pervised model pretrained on more than 100 million images from over 
100,000 diagnostic whole-slide images stained with Hematoxylin and 
Eosin across 20 main tissue types, was introduced. The UNI model was 
shown to be the best-performing model to date for 34 clinical tasks; it 
was better than prior encoders and greatly exceeded the performance of 
a ResNet-50 model trained on ImageNet (for example, +26.4% average 
performance on 15 slide-level tasks and +18.8% average performance 
on 11 ROI-level tasks). Following the success of the UNI model, the 
UNI2-h model employed a ViT-H/14 architecture with 681M param-
eters and produced 1536-dimensional embeddings. These embedding 
representations were designed to be task agnostic and to represent 
structural elements of the tissue. As such, the UNI and UNI2-h models 
have the ability to provide very rich embeddings that may be useful as 
conditioning signals for many other machine learning applications. 
However, their utility as conditioning signals has not been systemati-
cally explored for conditioning pre-trained latent diffusion backbones 
via parameter-efficient adaptation.
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Although some recent works have focused on developing diffu-
sion models specific to histopathology generation, due to differences 
in how each study evaluates their results, in this study reported FID 
scores are used to illustrate trade-offs rather than to compare them. In 
paper [12], PathLDM, a latent diffusion model fully fine-tuned and con-
ditioned on text for generating histopathology images, was presented. 
They reported a FID score of 7.64 on TCGA-BRCA at a resolution  
of 256  ×  256. However, since PathLDM uses CLIP-based encoding 
for text conditioning, it necessitates summarization of lengthy pathol-
ogy reports and can create an information bottleneck . In contrast, 
LRDM, conditioned on self-supervised embeddings (HIPT for BRCA 
and iBOT for CRC) was presented in [13] with reported patch-level 
FID of 6.98 on TCGA-BRCA. While LRDM used components of the 
LDM framework to train the model, training is computationally ex-
pensive; it requires the full fine-tuning of the U-Net backbone using  
six RTX 8000 GPUs and 15 million training patches. In [17], this line 
of research was further advanced with the introduction of ZoomLDM 
for multi-scale synthesis, reporting a FID of 6.77 at the 20x magnifica-
tion level. Similarly to LRDM, full fine-tuning of the U-Net backbone 
is necessary for training this model.

The use of parameter-efficient fine-tuning is a way to reduce com-
putation when adapting diffusion models for different applications. 
LoRA method was introduced in  [15] where the authors froze pre-
trained weights and added trainable low-rank matrices, resulting in 
performance that was equivalent to full fine-tuning while greatly reduc-
ing the number of trainable parameters (i. e., 10,000× on GPT-3 175B).  
Some recent modifications to the original LoR A method include  
SeLoRA [18], which proposes a dynamic rank expansion for medical 
image applications. They found that this resulted in a decrease of greater 
than 50% in FID compared to the same fixed rank LoRA used on small 
datasets (Montgomery County CXR), while producing comparable 
results to large-scale datasets (IU X-RAY ).

In paper [14] it is showed how stable diffusion could be adapted 
for cytology synthesis using LoRA adaptation, which increased the 
accuracy of a downstream classifier from 27% to 78%. However, the 
authors still utilized the text-based conditioning mechanism of the 
stable diffusion text encoder, which requires either manually generated 
text prompts or automatically generated text prompts.

In a related line of work , the development of biomedical image 
datasets containing real cytological, histological, and immunohisto-
chemical images was described in [19]. The application of generative 
intelligence tools for synthesizing biomedical images was further 
investigated in [20], addressing the practical aspects of artificial image 
generation for expanding biomedical datasets. In a complementary 
direction, an automated method for searching optimal convolutional 
neural network architectures for biomedical image classification was 
proposed in [21], which outperformed well-known networks such as 
VGG-16 and AlexNet on oncological imaging tasks. Furthermore, 
a method and cloud-based software tool for generating artificial 
databases of biomedical images using GANs was presented in  [22].

Prior research described in [23] covers Stable Diffusion adaptation 
which utilizes class-label text prompts in order to generate images of 
colon histopathology; results included per-class FID scores ranging 
from 113 to 138. While effective for initial exploration, this text-based 
conditioning motivated the present investigation into pathology foun-
dation model embeddings as an alternative signal source.

Despite these advances in parameter efficiency there is no evi-
dence that these methods have ever been combined with pathology 
foundation model embeddings to create conditioned histopathol-
ogy synthesis.

This review clearly identifies a methodological gap: embedding 
conditioned histopathology diffusion has been developed without uti-
lizing parameter-efficient adaptation strategies of the type described 
above, while parameter-efficient adaptation strategies, like LoR A ,  

continue to be dependent upon text encoders. These observations 
motivate a unified approach that utilizes LoRA adaptation and pathol-
ogy foundation model embeddings as the single source of condition-
ing information.

The object of this research is the process of synthesizing histopa-
thology image patches conditioned on pathology foundation model 
embeddings.

The aim of this research is to demonstrate that pathology founda-
tion model embeddings can be used instead of text conditioning to 
generate synthetic histopathology images in parameter-efficient adapta-
tions. This would allow deployment on consumer-grade hardware, and 
eliminate the need for textual supervision or manually writing prompts.  
To support this demonstration, systematic ablation studies across major 
architectural decisions provide empirical guidance for quality-compute 
trade-off decisions in resource-constrained environments.

In order to achieve the aim, the following objectives are set:
–	 to design an embedding-to-cross-attention projector architec-
ture that, combined with low-rank adaptation (LoRA) of the U-Net 
attention layers, enables parameter-efficient fine-tuning of the base-
line diffusion model and demonstrates the feasibility of pathology 
foundation model conditioning;
–	 to perform a systematic ablation study on major architecture 
decisions (LoRA rank, number of conditioning tokens, projector 
depth & hidden dimensionality, learning rate ratio between the 
adapter and projector);
–	 to evaluate the quality of generated images using the Fréchet in-
ception distance (FID) and discover the optimal hyperparameters 
that best balance image quality and computational efficiency.

2. Materials and Methods

Unlike previous approaches, which use either the full fine-tune 
of a pre-trained backbone or text-based conditioning, this paper uses 
parameter-efficient adaptation of a pre-trained latent diffusion model 
to investigate whether self-supervised representations of a pre-trained 
backbone could be used as a conditioning signal when paired with 
a low-rank adapter.

The central hypothesis of this research is that pathology foun-
dation model embedding will be able to substitute text conditioning 
for generating histopathology images with a learned projector and 
low rank adaptation; thus, allowing for the generation of morphology-
aware images without the use of a text encoder in addition to reducing 
computational requirements. It is based on the following assumptions:

–	 UNI2-h embeddings capture diagnostically relevant morpho-
logical features, which will provide a richer conditioning signal than 
CLIP-based text embeddings for histopathology due to the fact that 
these representations were learned from large whole-slide image 
collections using self-supervised objectives instead of natural lan-
guage supervision;
–	 low-rank adaptation of U-Net attention layers will be sufficient 
to convert a text-conditioned diffusion backbone to an embedding-
conditioned generation model, without the need to perform full 
fine-tuning, since the pre-trained weights of the diffusion backbone 
already contain a general understanding of both image structure 
and denoising dynamics;
–	 systematic variation of architectural hyperparameters (LoRA 
rank, No. of conditioning tokens, projector depth & hidden dimen-
sion, learning rate ratio), will allow to evaluate quality-efficiency 
trade-offs and make informed decision regarding deployment 
based on differing levels of resource availability;
–	 fréchet inception distance (FID) computed between real and 
synthetic images will provide a meaningful proxy for measuring the 
quality of generated images, and enable quantitative comparisons 
among configurations.
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However, a few simplifications were made in the research process, 
specifically:

–	 a fixed resolution of 512  ×  512 pixels was used for all experi-
ments, since this matches the native training resolution of stable 
diffusion 1.5, and eliminates the added complexity of multi-scale 
generation;
–	 both the pre-trained pathology encoder (UNI2-h) and the vari-
ational autoencoder (VAE) remained frozen throughout training; 
the only trainable components were the projector and the LoRA 
adapters, which limit the experimental space to the components that 
mediate the conditioning pathway;
–	 evaluation was restricted to a single dataset; the evaluation of 
downstream classification performance was deferred until future 
work, in order to focus this research on establishing the feasibility of 
the proposed conditioning methodology.
Experiments were performed on the publicly available Chaoyang 

colon histopathology dataset [24]. The dataset contains H&E-stained 
tissue patches from colonoscopy specimens obtained at Chaoyang 
Hospital, Beijing. These patches are categorized into four different 
classes: normal, serrated, adenocarcinoma and adenoma. Representa-
tive patches from each class are provided in Fig. 1.

All patches had an image size of 512 × 512 pixels. The training dataset 
consisted of 5,398 images; the validation dataset – 387 images; the testing 
dataset – 375 images. Stratification was done based on the class label for 
the splits in addition to slide-level grouping to ensure that there is no leak-
age of data from the training dataset to the other datasets. Images were 
normalized to the [–1, 1] range for training of the diffusion model; images 

were resized to 224  ×  224 and ImageNet-normalized for embeddings 
extraction. During training random horizontal flips were used.

A generalized illustration of the proposed method is presented  
in Fig. 2. The method takes a histopathology reference patch as input 
and generates a synthetic image conditioned on the morphological 
features that are encoded by a pathology foundation model. Variation 
in the synthetic images arises from stochastic sampling. The method 
combines parameter-efficient adaptations of a pre-trained diffusion 
backbone with a learned embedding projector.

Proposed method builds upon stable diffusion 1.5 [9], which com-
prises a frozen variational autoencoder and a U-Net denoiser. The 
VAE provides 8× spatial compression, encoding 512 × 512 images into 
64 × 64 latent representations with 4 channels. Let x denote an input 
image and z0  = E(x) its latent representation. The forward diffusion 
process adds Gaussian noise according to a predefined schedule. This 
process is described by formula

z z It t t� � �� �0 1 0ε ε N, ~ ( , ), 	 (1)

where t indexes the diffusion timestep and αt  denotes the cumulative 
noise schedule coefficient. The model is trained to predict the added 
noise. The loss function is described by formula

L ε εε� ��
��

�
��

x t tz t c, , ( , , ) ,�

2
	 (2)

where c  represents the conditioning signal and θ denotes the trainable 
parameters.

    
a b c d

Fig. 1. Representative histopathology patches from the Chaoyang colon dataset: a – normal; b – serrated; c – adenocarcinoma; d – adenoma

 
Fig. 2. Overview of the proposed method: Attn – attention layer; FF – feed-forward layer; Conv – convolutional layer
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In the conditioning pathway, the 
original CLIP text encoder is replaced 
with the UNI2-h encoder. UNI2-h is 
a pathology foundational model based on 
ViT-H/14 architecture  [11] that gener-
ates 1536-dimensional embeddings that 
have diagnostically relevant morphology. 
These embeddings are projected into the 
conditioning cross-attention space via 
a learnable projector. A projector was 
implemented as a multi-layer percep-
tron (MLP) with layer normalization and 
SiLU activation. The default configura-
tion consists of two linear layers with 
a hidden dimension of 1024. The projec-
tor output is then reshaped into 4 condi-
tioning tokens, each with a dimensional-
ity of 768 (to match the cross-attention 
context dimension in the U-net). The 
transformation is described by formulas:

h LN W e b h dh� �� �� � �� 1 1 , , 	 (3)

c W h b
n d

n d

t c

t c� ��� �� �
�

�
2 2  , 	 (4)

where e denotes the UNI2-h embedding , σ is the SiLU activation, 
and LN denotes layer normalization. The trainable null embedding 
has a shape of (1, 1536), which enables classifier-free guidance [25] 
during inference. For stable training the null embedding is initial-
ized with very small random values (scale 0.01). The conditioning 
signal is dropped with a probability of 0.1 during training; this is 
done by replacing the null embedding before the projection with 
the null embedding. Thus, the dropout takes place at the embedding 
level and not after the embedding is projected. As such, the projector 
will learn to take into account both conditioned and unconditioned 
input via the same path. At test time, the guided predictions combine 
the conditional and unconditional predictions. This combination is 
described by formula

   � � � �� �� �� � �( , , ) ( , , ) ( , , ) ,z t c w z t c z t ct t t 	 (5)

where w  is the guidance scale and c∅  denotes the null-conditioned 
output.

Low-rank adaptation (LoRA) [15] is used on the query, key, value, 
and output projections of all U-Net attention layers, including both 
cross-attention and self-attention blocks. The adaptation modifies the 
weight matrices according to formula

� � � �W W
r

BA� , 	 (6)

where W is a frozen pretrained weights matrix , B R d r� �( ) and 
A R r d� �( ) are trainable low-rank factor matrices with rank r and scal-
able factor α. In all of the experiments it is selected to set α  =  r, 
or unit scale (α/r  = 1), thus ensuring that there is a consistent up-
date magnitude across ranks. The original backbone’s weights  
remain unchanged; the low-rank matrices and projectors are being 
trained.

To consolidate the above formulas into complete procedural 
descriptions, the training and inference procedures are presented as  
Algorithm 1 and Algorithm 2 (Fig. 3, 4).

The baseline configuration is summarized in Table 1.

Table 1

Baseline model configuration

Module Parameter Value

LoRA

Rank/Alpha 8/8.0

Target layers Q, K, V, O (self- and cross-attention)

Projector

Hidden dimension 1024

Depth 2 layers

Activation SiLU

Normalization LayerNorm

Conditioning Number of tokens 4

Four architectural factors influence the total trainable parameter 
count: LoRA rank determines the size of low-rank matrices in each 
attention layer. The number of conditioning tokens, projector depth, 
and projector hidden dimension jointly determine the projector size. 
The trainable parameter breakdown for this baseline configuration is 
given in Table 2.

Table 2

Trainable parameters count for baseline model configuration

Component Parameters count Share

LoRA adapters 1,594,368 25.2%

Projector MLP 4,726,272 74.8%

Null embedding 1,536 <0.1%

Total trainable 6,322,176 100%

Stable diffusion 1.5 backbone (frozen) 859,520,964 –

Trainable/backbone – 0.74%

To optimize the model AdamW was used with β1  =  0.9  
and β2 = 0.999; in addition, differential weight decay was used (LoRA 
was set to 1e−3 in order to maintain pre-trained modifications minimal; 
the projector was set to 1e−4 to allow it to be flexible). Different learning 
rates of 5e−5 for LoRA adapter, and 5e−4 for the projector (a 10× baseline 
ratio) were used because the projector has to learn a new mapping  

1: procedure ( ){ }( )TRAIN , , ,, , ,i iD x e E e f pθ ϕ∅=    
2:     repeat  
3:         (x,e) ~ D ▷ Sample image – embedding pair 
4:         z0 ← E(x) ▷ Encode to latent space 
5: ϵ ~  (0, I), t ~ Uniform({1, … , T}) ▷ Sample noise and timestep 

6: 0 1t t tz zα α+ −←   ▷ Forward diffusion 
7: m ~ Bernoulli(p) ▷ Per-sample CFG dropout 
8: ( )1e m e m e∅← − ⋅ + ⋅  ▷ Replace with null embedding 
9: ( )c f eϕ←   ▷ Project to cross-attention space 

10: 2( , , )tz t cθ← −  ‖ ‖ ▷ Noise prediction loss 
11: Update φ and {A, B} ▷ Backbone W frozen 
12: until converged  

 Fig. 3. Algorithm 1 training

1: procedure ( )SAMPLE , , , , ,e f Te wϕ θ∅    

2:     ( ) ( ),c f e c f eϕ ϕ∅ ∅← ←  ▷ Project both embeddings once 
3:     zT ~  (0, I) ▷ Sample initial noise 
4:     For t = T, … , 1 do ▷ Reverse diffusion over T steps 
5:         ( )( , , ) ( , , ) ( , , )t t tz t c w z t c z t cθ θ θ∅ ∅= + ⋅ −     ▷ Guided prediction 
6:         ( )1 DenoisingStep , ,tt tzz − ←   ▷ DDPM reverse update 
7:     return Decode(z0)  ▷ VAE decoder to pixel space 

 
Fig. 4. Algorithm 2 inference
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from scratch while LoRA is going to fine-tune the patterns already  
present. Ablation study investigates different ratios (1×, 5×, 20×) in 
order to determine the best compromise. All of the learning rates fol-
low a cosine decay schedule and linear warm-up until about the first 
epoch. Training proceeded for 12 epochs with a batch size of 16 and  
BF16 mixed precision. Dropout of 0.05 was applied in the projector’s 
MLP to regularize. In addition, to enable classifier-free guidance at in-
ference, the conditioning signal was dropped with probability 0.1 dur-
ing training by substituting a learned null embedding before projection.

Training requires around 12 GB of VRAM, so it fits on a 16 GB 
consumer GPU like NVIDIA’s RTX 4080. Ablation experiments were 
run using cloud-based GPU access to shorten overall experimental run 
times. The implementation uses PyTorch 2.x along with HuggingFace’s 
Diffusers for the diffusion backbone; custom modules for the projector 
and LoRA integration are used as well.

To measure how architectural design options affect the quality 
of generated images, systematic single-variable ablations were con-
ducted in which one variable was changed from baseline (and all other 
variables were held constant). As the same optimization parameters 
were used for each ablation run to eliminate differences due to training 
procedures and isolate the effect of architectural design options, the 
resulting differences are directly related to the architecture.

The variants for the ablation factors and the ablation factors them-
selves can be found in Table 3. These were chosen due to the expected 
influence on the conditioning path and the adaptive capabilities. LoRA’s 
rank controls an adapter’s capacity with higher value increasing an 
adapter’s expressiveness, however it may also result in overfitting. The 
number of tokens used for conditioning determines how granular the 
conditioning signal is sent through cross-attention. The projector’s 
depth and hidden dimension will both affect the degree of non-linearity 
and capacity that exists within the embedding transformation. The 
learning rate ratio will affect the speed at which the projector adapts 
versus LoRA adapters.

Table 3

Ablation study factors and tested variants

Factor Variants Baseline

LoRA rank 4, 8, 16 8

LoRA alpha matched to rank 8.0

Number of conditioning tokens 1, 2, 4, 8 4

Projector depth 2, 3 layers 2

Projector hidden dimension 512, 1024, 2048 1024

LR ratio (projector/LoRA) 1×, 5×, 10×, 20× 10×

The ablation study included 11 additional variant configura-
tions for a total of 12 full training runs (each run lasted 12 epochs). 
DDPM scheduler was used at inference time with 30 denoising steps, 
since this configuration produced good image quality while keeping 
compute costs reasonable. To ensure reproducibility, deterministic 
seeds were used at generation time by computing the seed as fol-
lows: seed[i] = base_seed + i. This produces the same set of samples 
every time that run is repeated regardless of batch size or number 
of GPUs used.

Early-stage studies suggested that guidance scales common in text-
to-image models (i. e., 7.5) led to poor-quality images, which suggests 
that the UNI2-h embedding provides a stronger conditioning signal 

than the CLIP-derived text embeddings. Therefore, a search over guid-
ance scales from 1.0 to 2.0 in steps of 0.1 was performed to find the best 
FID performance on the validation set. The optimal value is specified in 
the following section and fixed for all ablation comparisons.

The generation quality of the images was calculated through the use 
of FID and KID. Both FID and KID were computed using InceptionV3 
feature space. A key drawback of the approach is that InceptionV3 has 
been pre-trained for natural images, not histopathology, however, it is 
well established that FID and KID can be applied for evaluating the 
quality of medical image synthesis and therefore allow for comparisons 
to be made with other works in the area. FID measures the distribu-
tional difference between true and generated images [26]. KID provides 
an unbiased estimator that performs particularly well when working 
with small sample sizes [27].

To find the best configuration, the validation FID was monitored 
on a per-epoch basis across all 12 training runs. Each validation image 
was encoded using UNI2-h as input to produce a single synthetic image 
under deterministic seeding. As such, this resulted in 144 (configura-
tion, epoch) pairs, and the pair that had the lowest FID was used to 
determine both the optimal architecture for the model, and the check-
point that would be carried forward into the final evaluation on the 
held-out test set.

Aggregate FID scores allowed to assess how closely the overall 
distributions of synthetic images matched original data. The results for 
per-class KID, along with their respective standard deviations helped 
provide insight into which classes were most difficult to reproduce. This 
may help guide further research and/or testing of the methods used in 
this research.

3. Results and Discussion

3.1. Parameter-efficient fine-tuning of the baseline model and 
inference configuration

The baseline model was trained for 12 epochs on the Chaoyang 
dataset. A validation FID was calculated through each epoch of the 
training process with a default guidance scale of 1.5 to identify the 
best checkpoint. In addition, as illustrated in Table  4, the FID score 
of the model declined rapidly early in training (from an initial value  
of 121.40 at epoch 1 to 82.46 by epoch 6). The lowest FID score (of 80.27)  
occurred at epoch 8. After this point, training continued to be oscilla-
tory (i. e., FID rose to 101.40 by epoch 11 and then recovered to 84.74 at  
epoch 12). Therefore, the best checkpoint (epoch 8) was selected for 
use in subsequent experiments.

Following the choice of checkpoint, a sweep was performed on 
the epoch 8 checkpoint to select an appropriate guidance scale value 
for the best results. Preliminary experiments indicated that a guid-
ance scale range of 7.0–10.0 used by standard text-to-image models 
resulted in artifacts when using the embedding-conditioned model, 
therefore, this sweep was limited to values from 1.0 to 2.0 in incre-
ments of 0.1.

Table 5 lists FID scores for evaluation sets using different guidance 
scales. The best guidance scale is 1.3 since it achieved a FID of 79.74. 
The FID did not exceed 82 from 1.3 to 1.8, therefore this range can 
be considered to be a flat optimum region. Performance decreased 
when either extreme was used (FID = 84.24 at a guidance scale of 1.0;  
FID  =  84.29 at a guidance scale of 2.0). This combination of para
meters (guidance scale 1.3; epoch 8 checkpoint; FID 79.74) will be used 
to compare to each of the ablations.

Table 4

Validation FID progression over training epochs (guidance scale 1.5)

Epoch 1 2 3 4 5 6 7 8 9 10 11 12

FID 121.40 105.47 98.33 92.11 83.64 82.46 85.71 80.27 92.26 86.04 101.40 84.74
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3.2. Systematic ablation study results
Each of the ablation variants underwent training for 12 epochs, 

as outlined previously. The LoRA alpha values are assigned the same 
value as their corresponding rank across each configuration. All of the 
configurations were evaluated at a guidance scale of 1.3 and the ep-
och that produced the lowest validation FID score was selected as the 
best performing epoch. The complete ablation results are presented in 
Table 6 sorted by FID in ascending order.

Table 6

Ablation study results (sorted by FID, ascending)

No.
LoRA 

rank

No. of 

tokens

Projector 

depth

Projector 

width

LR 

ratio

Best 

epoch
FID

1 4 4 2 1024 10× 12 77.59

2 8 4 2 1024 10× 8 79.74

3 8 4 2 1024 5× 6 79.94

4 8 4 2 1024 20× 5 80.64

5 8 8 2 1024 10× 12 80.87

6 16 4 2 1024 10× 6 82.98

7 8 4 2 2048 10× 5 83.57

8 8 4 3 1024 10× 8 83.66

9 8 2 2 1024 10× 5 83.69

10 8 4 2 512 10× 6 84.61

11 8 1 2 1024 10× 6 85.09

12 8 4 2 1024 1× 11 90.72

The lowest FID value was obtained in an ablation experiment us-
ing a LoRA rank of 4, which had a FID of 77.59 (an improvement 
of 2.7% compared to the baseline). The reduction of the rank from  
8 to 4 resulted in a better performance, while an increase to 16 led to 
a decline in FID to 82.98. Notably, configuration with a rank of 16 and 
larger projector variants (width 2048, depth 3) achieved their maxi-
mum FID values at earlier epochs (5–8), while the rank 4 configuration 
continued improving through epoch 12.

The optimal amount for conditioning tokens for UNI2-h em-
bedding representations is 4. The use of 1 and 2 tokens resulted in 
FID values of 85.09 and 83.69, which indicates the need for a greater 
number of tokens to fully represent the information contained within 
UNI2-h embeddings. When using 8 tokens, the FID value decreased  
to 80.87 (a  slight drop from the baseline).

Projector architecture modifications did not perform better than 
the original. When changed from 2 layers to 3 layers, the FID was 
increased to 83.66. It was found that reducing the number of hidden 
dimensions to 512 decreased the FID to 84.61; however, an increase to 
2048 produced a FID of 83.57. Therefore, the original 2 layer projector 
with 1024 hidden dimensions is still the best choice.

The learning rate ratio was found to have the most significant 
impact among the examined variables. The lowest performance, 
as indicated by an FID of 90.72, was obtained when the ratio was 
set to 1× (i.  e. , equal learning rates for the projector and LoR A).  
However, ratios of 5×, 10×, and 20× resulted in comparable perfor-
mance (79.94, 79.74, and 80.64 respectively). This suggests that there 
is a threshold where the learning rate ratio has no further impact on 
performance above approximately 5×; below the threshold, the pro-
jector cannot effectively learn.

3.3. Optimal configuration, evaluation and discussion
The optimal configuration for ablation study used LoRA rank 4 and 

was otherwise identical to the base model for all other parameters. With 
this lower rank of 4 instead of 8 there are fewer trainable parameters for 
LoRA adapter layers (down from 1.59 million to 0.80 million). How-
ever, the same size projector of 4.73 million is retained. Therefore, there 
are now a total of 5.53 million trainable parameters (which represents 
0.64% of the total) for the Stable Diffusion backbone. As a result, an 
increase of 2.7% in the validation FID score was achieved relative to 
the baseline model, while reducing total trainable parameters by 12.7%.

Evaluation of the best configuration was carried out on a held-
out test set (375 images) at a guidance scale of 1.3. For comparison 
purposes both test set and validation set FIDs are included in Table 7.  
As expected, there is an increase in FID when comparing the validation 
split to the test split as distributions are likely to vary between the two.

Table 7

Validation and test set FID for optimal configuration

Split Images FID

Validation 387 77.59

Test 375 84.17

Table 8 presents per-class KID scores (×1000) on the test set along-
side sample counts. The model achieved the best performance on ad-
enoma (KID 13.51) despite it being the smallest class (33 samples), and 
worst on normal tissue (KID 48.67) which had 97 samples. This pattern 
suggests that generation quality is influenced more by within-class 
morphological variability than by sample size.

Table 8

Per-class KID scores (×1000) on test set

Class Samples KID (mean ± std)

adenoma 33 13.51 ± 8.14

adenocarcinoma 182 26.70 ± 13.18

serrated 63 28.18 ± 14.47

normal 97 48.67 ± 34.21

Representative synthetic images from Fig. 5 were created using the 
optimal configuration in addition to their respective conditioning input. 
The generated images preserved the architecture of the tissues as well 
as staining patterns for each of the four different classes. In conclusion, 
it was demonstrated that UNI2-h embeddings could be used as an 
alternative to text conditioning when generating histopathological data 
through efficient parameter adaptation.

The results from the ablation studies outlined in Table 6 demon-
strated that the LoRA with rank of 4 provided the smallest validation 
FID of 77.59 when compared to the baseline rank-8 LoRA configura-
tion, and performed about 2.7% better than the baseline. This result was 
somewhat surprising because, as may be expected based on the amount 
of modeling capacity afforded by higher-rank adaptations, higher-rank 
models were generally larger and therefore should have been capable of 
capturing more information. Although the rank-16 LoRA configuration 
and the extended projector variants (2048 hidden dimensions, 3 layers) 
reached their maximum FID score at an early (5–8) epoch. However, 
the LoRA with rank of 4 continued to improve up until the end of the 

Table 5

Validation FID as a function of classifier-free guidance scale (baseline epoch 8 checkpoint)

Guidance scale 1.0 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0

FID 84.24 81.41 83.49 79.74 81.08 80.46 80.84 81.87 80.28 80.66 84.29
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last epoch. A potential explanation is that lower-rank LoRA are advan-
tageous due to a desirable bias-variance tradeoff for this dataset size; 
however, proving this will require a study of LoRA models trained on 
different-sized datasets.

    Real  Synthetic 

a b

c d

e f

g h

Fig. 5. Real conditioning inputs (left) and synthetic images generated  

by the optimal configuration (right) for each tissue class: a, b – normal;  

c, d – serrated; e, f – adenocarcinoma; g, h – adenoma

Visual comparison of conditioning input and output from UNI2-h 
suggests that it is capturing a level of morphological detail in the em-
bedding space that is useful enough to drive image generation (in-
cluding architectural and staining details) for all 4 tissue types shown. 
However, visual inspection alone cannot establish diagnostic fidelity, 
which would require evaluation by domain experts or downstream 
task validation.

Compared to the text-conditioned approach explored in the prior 
work [19], which achieved per-class FID scores ranging from 113 to 138  
on the same dataset, the embedding-conditioned method achieved 
substantially lower FID values. This improvement may be attributed 
to the replacement of CLIP-based text conditioning with pathology 
foundation model embeddings that were trained on large whole-slide 
image collections using self-supervised objectives specifically designed 
for histopathology.

Ablation results show that when the learning rates for both pro-
jector and LoR A are the same, there is a significant reduction in 
performance (FID 90.72) compared with the other ratios of 5× or 
greater (FID 79.74–80.64 for 5×, 10×, and 20×, respectively). Therefore, 
it appears that a learning rate for the projector that is much larger than 
those used by LoRA adapter will be needed for the projector to suc-
cessfully map from the UNI2-h embedding space to the cross-attention 

conditioning space. However, the precise minimum ratio at which this 
transition occurs was not determined and would require finer-grained 
ablation in future work.

The benefits of the proposed approach are based upon combining 
parameter-efficient adaptation with direct foundation model condi-
tioning as an alternative to both fully fine-tuned approaches and text-
dependent approaches. In terms of computation, LRDM [13] trained 
the diffusion backbone from scratch and used 6 RTX 8000 GPUs with 
15 million training patches, while proposed method uses only 5.53 mil-
lion trainable parameters (0.64% of the stable diffusion backbone) and 
has approximately 12 GB of GPU memory available. Although the fair 
comparison of the two is not possible due to the differences in dataset, 
tissue type, and assessment methodology, the substantial decrease in 
processing resources provides a tangible advantage for deploying in 
resource-constrained environments. As to CytoDiff  [14], it does use 
parameter-efficient LoRA adaptation and therefore does not have to 
fine-tune the entire model, it also continues to rely on the CLIP text 
encoder, while proposed method removes the text-conditioned path 
completely and receives the condition signal from the morphological 
characteristics of the tissue, thus eliminating the need for the user to 
design prompts.

Special features of research results are:
–	 it is shown that embeddings from a pathology foundation model 
can be used as an alternative to text conditioning in generating syn-
thetic images in histopathology without having to use either textual 
supervisory information or prompt engineering;
–	 it is found through extensive systematic ablation studies that the 
lower LoRA ranks (i. e., rank = 4 instead of 8 or 16), result in im-
proved performance when tested on moderately sized histopathol-
ogy data sets;
–	 it is established that the learning rate ratio between projector 
and LoRA components substantially affects training dynamics, with 
equal learning rates leading to degraded convergence.
The practical significance of this research findings lies in an op-

portunity to use synthetic image generation for enhancing (augment-
ing ) data used in a classification task using histopathology images. 
Previously, it was shown through the use of GANs in digital pathology 
that augmenting with generated images would enhance classifier 
accuracy when training classifiers for less represented types of tis-
sues (classes) [6]. Additionally, as a result of the parameter efficiency 
of the method proposed here, such augmentation strategies may be 
possible in clinical environments with limited availability of high-
performance computing. Removing the need for a text prompt also 
eliminated the need for manual authorship of captions for the text; 
this is both impractical and unscalable for histopathology patch im-
ages that rarely have a meaningful textual description.

On the other hand, there is a number of limitations of research:
–	 all experiments were carried out on one dataset (Chaoyang 
colon histopathology) so the research results can’t be generalized to 
other types of tissues and staining protocols;
–	 the fixed resolution of 512  ×  512 pixels corresponds to the 
original training resolution of Stable Diffusion 1.5 but it could be 
suboptimal for many applications of histopathology requiring high-
resolution patches or multi-scale generation;
–	 evaluation was done by means of the FID and KID metrics calcu-
lated in the feature space of InceptionV3, which was trained on natural 
images instead of histopathology images. Although these metrics have 
become widely used as reference in the field of medical image synthe-
sis, they don’t fully reflect differences in diagnostic quality;
–	 downstream classification performance wasn’t evaluated in this 
research, which limits the assessment of practical utility for data 
augmentation applications.
The disadvantages of research are the lack of validation on multiple 

datasets with different types of tissues and no evaluation of the utility of 
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synthetic images for the downstream tasks to confirm their usefulness 
for classifier training.

Further research may include the expansion of the evaluation to more 
histopathology datasets of different organs and staining methods, the 
investigation of multi-scale generation techniques to generate whole-slide 
images, and evaluating the use of synthetic images as a means to improve 
the accuracy of classifiers by using them to augment the training set.

4. Conclusions

1.	 The embedding-to-cross-attention projector architecture was 
designed as a two-layer MLP with LayerNorm and SiLU activation 
that converts UNI2-h pathology foundation model embeddings into  
4 conditioning tokens to use within the U-Net cross-attention space. In 
combination with low-rank adaptation (LoRA) applied to each of the 
self-and cross-attention layers, this architecture was able to be trained 
with just 6.32 million trainable parameters in the baseline configuration 
(0.74% of the 859.5 million Stable Diffusion 1.5 backbone), while the 
remaining weights were frozen. The potential of using pathology foun-
dation models to condition and embedding was validated through the 
model being able to generate images for all four tissue types (normal, 
serrated, adenocarcinoma, adenoma) without any text prompt. The 
results demonstrated that the embedding conditioned method pro-
duced significantly lower FID values compared to the text conditioned 
approach developed in prior work  [19], which produced FID scores 
ranging from 113–138 on the same dataset, and thus UNI2-h embed-
dings are a more powerful and morphologically richer conditioning 
signal than CLIP-based text encodings. As such, this result enables 
the creation of synthetic histopathological images without the need 
for manually creating captions for individual patches of images which 
can be impractical due to the lack of meaningful textual descriptions.

2.	 A systematic ablation analysis was performed across 12 different 
configurations where five architectural variables were each changed indi-
vidually and all other parameters remained the same. The parameters that 
were tested included LoRA rank (4, 8, 16), the number of conditioning 
tokens (1, 2, 4, 8), projector depth (2, 3), projector hidden dimensional-
ity (512, 1024, 2048) and learning rate ratio between the projector and 
LoRA adapters (1×, 5×, 10×, 20×). Learning rate ratio demonstrated the 
greatest influence among all factors as equal learning rates (1×) produced 
an FID score of 90.72, while all higher ratios (5×, 10×, 20×) produced 
similar performance (FID scores ranged from 79.74 to 80.64) indicating 
a threshold at which point the projector is unable to effectively learn the 
embedding-to-cross-attention mapping. The optimal number of condi-
tioning tokens was identified as 4 (FID 79.74) while fewer numbers of 
conditioning tokens (i. e., 1 token: FID 85.09, 2 tokens: FID 83.69) and 
greater numbers of conditioning tokens (i. e., 8 tokens: FID 80.87) pro-
duced lower quality results. None of the additional modifications made to 
the projector (i. e., 3 layers: FID 83.66, 512 hidden dimension: FID 84.61, 
2048 hidden dimension: FID 83.57) improved upon the baseline two-
layer 1024-dimension configuration. Thus, these results provide empirical 
evidence for practitioners by showing that the learning rate required for 
effective training of the conditioning pathway must be calibrated carefully 
relative to the LoRA adapters, and that neither increasing the depth nor 
the width of the projector will result in significantly better performance 
on this dataset.

3.	 Optimal configuration was determined to be LoRA rank 4, with 
every other parameter equal to those of the baseline (i. e., 4 condition-
ing tokens; 2-layer projector; 1024-dimension hidden layers; 10× learn-
ing rate ratio). It achieved an optimal validation FID score of 77.59 –  
a 2.7% improvement over the baseline LoRA rank-8 configuration. At 
the same time the number of trainable parameters was reduced by 
12.7%, resulting in a total of 5.53 million (0.64% of the backbone) 
trainable parameters. A held-out test set consisting of 375  images 
resulted in an FID score of 84.17. Within class KID scores were  

between 13.51 for adenoma and 48.67 for normal tissue indicating 
that the quality of the generated images is more affected by the within-
class morphologic variation than by the number of samples. Approxi-
mately 12 GB of GPU memory are required for this method to operate. 
This will enable the deployment of this method to consumer-grade 
GPUs (for example, NVIDIA RTX 4080 with 16 GB VRAM) for histo-
pathology data augmentation when textual annotation details are not 
available in resource-constrained environments.
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