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Medical trainees depend on diverse visual reference material to develop diagnostic pattern-recognition skills, yet such material
is often limited in diversity and accessibility. This paper presents a classifier-in-the-loop generative framework for synthesising
realistic histopathology images: a Stable Diffusion v1.5 model is fine-tuned using Low-Rank Adaptation (LoRA) on the
PathMNIST dataset, consisting of nine colorectal tissue classes, and a separately trained classifier screens each generated
image, regenerating it (up to five attempts) if it fails a confidence threshold. LoRA hyperparameters were selected by Bayesian
optimisation rather than by manual sweeps. To control for selection bias, a second, architecturally distinct classifier (ResNet-18)
is held entirely outside the screening loop and used as the independent evaluator throughout. Two configurations are evaluated
on three paired random seeds: Pipeline-1 (no rejection) and Pipeline-2 (DenseNet-121 screening + ResNet-18 independent
evaluator). Pipeline-2 achieves a mean ResNet-18 accuracy of 0.93940.003 versus 0.91340.009 for Pipeline-1, a gain of +2.6
percentage points driven primarily by the hardest class, cancer-associated stroma (0.360+0.061—0.50740.012, +14.7 pp). The
across-seed standard deviation on stroma also falls by an order of magnitude (0.061—0.012), indicating the loop stabilises
outcomes rather than merely raising means. A paired Wilcoxon signed-rank test on per-class recall pooled across class and seed
(n=27) yields p=3.5 x 1073, Limitations include the absence of a conditional-GAN (cGAN) comparator and expert review; both

are future work.
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Introduction

Medical imaging is a foundational tool for clinical diagnosis
and education. Yet, access to a diverse range of high-quality
medical images is often limited. Trainees may rely on only
a few reference cases and rarely encounter certain conditions,
hindering their learning. This creates a need for systems that
can generate accurate, representative medical images on de-
mand to augment training datasets and support diagnostic rea-
soning 2. A greater focus was placed on generating realistic
images for human training rather than solely developing clas-
sification models because human medical practitioners remain
central to clinical decision-making due to reasons such as in-
terpretability, patient trust, regulatory requirements, and liabil-
ity concerns. Generative models have shown promise in pro-
ducing synthetic medical images, but the precision required
in medicine means that any inaccuracy can be misleading or
harmful. The goal is to produce synthetic images with both the
realism and the semantic accuracy - defined here as prompt-
label adherence, i.e. a generated image whose tissue class as
judged by an independently-trained classifier matches the tis-
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sue class specified in its conditioning prompt - necessary to
support data augmentation and medical education, not for di-
rect clinical decision-making.

Generative Adversarial Networks (GANs) have been
widely used for medical image synthesis and augmenta-
tion!. Goodfellow et al.’s GAN framework? trains a gener-
ator against a discriminator to create realistic images, and nu-
merous studies have applied GANs to expand medical training
data!3. For example, Frid-Adar et al. improved liver lesion
classification by adding GAN-generated images to a training
set, boosting a classifier’s performance*. However, GANs of-
ten require large specialised datasets and careful tuning ', and
they commonly suffer from instability and mode collapse on
limited data .

Diffusion models have emerged as a compelling alterna-
tive, achieving high-resolution, semantically rich outputs that
rival or surpass GANs>. Latent diffusion models (e.g., Sta-
ble Diffusion) generate images via iterative denoising in a
latent space®, demonstrating state-of-the-art results on nat-
ural image synthesis®. Yet, a model like Stable Diffusion,
trained on broad datasets (e.g., LAION-5B), performs poorly
on specialised medical imagery without fine-tuning, as has
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been shown across diverse imaging modalities including chest
X-ray’, general medical synthesis®, and histopathology®. If
prompted with medical terms out-of-the-box, it may produce
anatomically incorrect results. Figure 1 illustrates this con-
cretely on a colorectal-tissue prompt: the baseline Stable Dif-
fusion output (left) is anatomically implausible, while the fine-
tuned LoRA generator paired with the rejection-sampling val-
idator (middle) produces an image visually comparable to the
real PathMNIST sample (right). This gap has spurred broader
efforts to adapt diffusion models to medical domains '%1!.

This work introduces a classifier-in-the-loop generative
framework — a form of rejection sampling for medically-
conditioned diffusion - to address both realism and accuracy in
medical image synthesis. Stable Diffusion v1.5 was fine-tuned
on a histopathology dataset (PathMNIST !?) using LoRA 13 to
specialise it for colorectal tissue images. Then, a DenseNet-
121 classifier was trained on the same dataset to serve as an
automated screening classifier, with an architecturally distinct
ResNet-1814 held entirely outside the loop as the indepen-
dent evaluator. During generation, each output image is eval-
uated by the screening classifier; if the predicted class does
not match the input prompt or the top-class confidence falls
below 0.80, the image is discarded and the model tries again.
This iterative loop continues until a generated image is classi-
fied correctly, up to a maximum of five attempts, ensuring that
only images consistent with the target class are retained. This
pipeline (generator + screening classifier + independent eval-
uator) thus enforces semantic accuracy in real time. The result
is a set of synthetic images that are not only visually realistic
but also labelled correctly, supporting data augmentation and
educational use without claiming readiness for direct clinical
deployment.

For clarity, two terms are used throughout this paper.
Classifier-in-the-loop generation refers to any procedure in
which an independently trained classifier evaluates each gen-
erated sample and decides whether to accept or reject it,
prompting regeneration on rejection. Rejection sampling is
the standard Monte Carlo construction that this procedure in-
stantiates: a tractable proposal distribution (here, the fine-
tuned diffusion model conditioned on a tissue-type prompt)
is repeatedly sampled, and samples are accepted only when
they satisfy a target criterion (here, the classifier’s predicted
class matches the prompt). This differs from classifier-
guided and classifier-free guidance>!>1©, in which a classi-
fier’s gradient or implicit signal steers the interior denois-
ing trajectory at each timestep; in this work the classifier
acts only at the output of the diffusion sampler, as a binary
gate over completed images. The most direct antecedents
are discriminator-based rejection schemes for GANs — Dis-
criminator Rejection Sampling!” and Metropolis—Hastings
GANs '8 — which use a trained discriminator to accept or re-
ject completed generator samples; this work transfers that idea

to text-conditioned diffusion, with an independently-trained
tissue classifier as the acceptance gate. The contribution is
therefore not the rejection-sampling primitive itself — which
is well-established in the generative-modelling literature '* —
but its application to histopathology synthesis on PathMNIST
with explicit instrumentation of the rejection loop, multi-seed
evaluation, and an independent (cross-architecture) classifier
as the final evaluator.

Baseline - Stable Diffusion  LoRA Fine-Tuned Model
Generated Image Generated Image

Real Image (PathMNIST)

Prompt:

“a histopathological
image of an area
with colorectal
adenocarcinoma
epithelium”

Figure. 1 Example of Generated vs. Real Images: Comparison be-
tween a real histopathology image (right), a synthetic image gen-
erated by the two-model system (middle), and an inaccurate image
generated by a baseline Stable Diffusion model (left). These images
all aim to represent the same tissue type.

Related Work

Combining image generation with automated validation in the
medical domain is relatively new. Most prior studies focus
on generating realistic images and evaluating them indirectly
(e.g., by seeing if synthetic data improves a model’s perfor-
mance) rather than checking each image’s accuracy. GAN-
based methods have dominated early work in medical image
synthesis'. Such work demonstrated that synthetic data can
bolster limited datasets, but generation quality was typically
evaluated only via downstream task performance rather than
by verifying each generated image - the gap this work ad-
dresses.

More recently, Xue et al. introduced HistoGAN?’, a condi-
tional GAN for histopathology that includes a selective aug-
mentation step. HistoGAN generates images conditioned
on class labels and then uses a classifier to filter out low-
confidence outputs, adding only the most realistic samples to
the training set; this is conceptually related to the broader liter-
ature on anomaly detection in medical imaging, where classi-
fier confidence is used as a proxy for in-distribution member-
ship?!. This provides a form of post-hoc quality control and
leads to improved histology image classification. However,
HistoGAN’s validation occurs after generation — to decide
which images to keep for augmentation - rather than interven-
ing during the image creation process.

Other approaches evaluate synthetic images via classifier
metrics or expert review. For instance, some diffusion-based
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pipelines for medical and histopathological imagery evaluate
realism with pathologist surveys, FID-style distributional met-
rics, and downstream classification performance on models
trained with the synthetic data®®. These underline the im-
portance of quality in medical image synthesis, yet they stop
short of enforcing correctness during generation.

This work tightly integrates generation and validation. Un-
like prior GAN or diffusion studies that optimise for visual
realism or rely on indirect validation (e.g., improved down-
stream task performance), this system explicitly checks each
output against the target label as it is produced. Indirect
validation provides only aggregate feedback and cannot pin-
point specific failed images. In contrast, the classifier-driven
rejection-sampling mechanism forces the generator to imme-
diately regenerate or discard any output the classifier deems
incorrect. Conceptually, this is similar to classifier-guided
generation, but rather than using the classifier’s gradients to
steer the generation process (as in some diffusion models?),
this system uses its predictions to iteratively accept or reject
completed outputs - a form of rejection sampling over the joint
distribution of diffusion outputs and classifier verdicts '°.

This work fine-tuned a state-of-the-art diffusion model on
a specialised dataset and paired it with a domain-trained val-
idator, creating an automated feedback loop for semantic ac-
curacy in synthetic images. This is one of the first systems
to actively enforce ground-truth consistency (each generated
image’s class matches its prompt) during image generation,
rather than treating validation as an afterthought. It is fur-
ther shown that this framework produces synthetic images that
are not only visually plausible but also credibly representative
of their intended class. Such images can serve as a reliable
resource for data augmentation and medical training in sce-
narios where real data are scarce; we do not claim that such
images are suitable as direct evidence in clinical diagnostic
workflows.

Methods

Dataset

Experiments were conducted on the PathMNIST dataset (part
of MedMNIST v2!2), which consists of 107,180 haema-
toxylin and eosin stained pathology image patches categorised
into nine tissue classes. These classes correspond to dis-
tinct colorectal tissue types (e.g., adipose, background, debris,
lymphocytes, mucus, smooth muscle, normal colon mucosa,
cancer-associated stroma, and adenocarcinoma epithelium)
derived from the NCT-CRC-HE-100K collection??. Each im-
age is a small region of a histology slide, resized to 224 x 224
pixels to standardise the input dimensions. We use the pre-
defined official PathMNIST splits (train / validation / test) re-
leased with MedMNIST v2; the train split is used for fine-

tuning the diffusion generator and for training both classifiers,
the validation split is used for Bayesian hyperparameter op-
timisation, and the test split is used only for the real-image
accuracy figures reported for ResNet-18 and DenseNet-121.
Because the splits are inherited from MedMNIST, slide-level
isolation between train, validation, and test is whatever is pro-
vided by the official release; the multi-seed evaluation re-
ported in the Results section is conducted on synthetic images
generated de novo at inference time and is therefore indepen-
dent of the train/test slide assignment. The class distribution
is approximately balanced - each tissue type is represented by
on the order of ~10,000 training examples - so no class re-
weighting is applied. For the classification model, data aug-
mentation techniques (random rotations, zooms, contrast ad-
justments, etc.) were applied to the training images, follow-
ing standard practice in computational pathology where aug-
mentation and stain-colour normalisation are known to materi-
ally affect generalisation?. These augmentations improve the
classifier’s robustness to image variability without altering the
underlying tissue label. Importantly, data augmentations were
not applied when fine-tuning the generative model, since the
diffusion model should learn each class’s true visual charac-
teristics without augmented distortions (ensuring that the text
prompt “lymphocytes” always maps to authentically appear-
ing lymphocyte patches, for example).

System Architecture

The system comprises a generative module and two classifica-
tion modules that are combined into two evaluation pipelines
(Fig. 2). The generative component is built on Stable Dif-
fusion v1.5%, a latent diffusion model capable of producing
high-resolution images from text prompts. The model was
fine-tuned on the PathMNIST training set using the LoRA
techniqueB, which introduces a small number of trainable
low-rank adaptation parameters into the network’s attention
layers to efficiently specialise the model to the domain; LoRA
is one of several text-to-image adaptation strategies that have
been developed in parallel with subject-driven approaches
such as DreamBooth?*.

Two classifiers are used in the system. ResNet-18'% was
trained on the PathMNIST training split and reaches accu-
racy on the official held-out test split consistent with the stan-
dard MedMNIST v2 benchmark (=0.91). A second classifier,
DenseNet-121, was trained on the same PathMNIST split with
matched augmentation and reaches comparable accuracy on
real images; the two are deliberately chosen to be architec-
turally distinct so that agreement between them on synthetic
images can be interpreted as evidence of robustness rather than
shared inductive bias.

Two pipelines are then constructed from these components
and compared head-to-head in the Results section. Pipeline-
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1 (no rejection) samples from the LoRA-fine-tuned generator
and classifies every generated image with both classifiers, with
no regeneration. Pipeline-2 (classifier-in-the-loop) interposes
DenseNet-121 as a screening classifier — a sample is accepted
only if its top-class probability exceeds 0.80 and its predicted
class matches the prompt; samples that fail screening are re-
generated, up to a maximum of five attempts per image. Ac-
cepted images are then evaluated by ResNet-18, which is held
entirely outside the screening loop to provide an evaluator that
is independent of the rejection criterion and therefore controls
for selection bias.

Pipeline-1 — baseline (no rejection)

Tissue-type prompt
LoRA-fine-tuned Stable Diffusion V1.5
(generator)

Pipeline-2 — classifier-in-the-loop

Tisue-type prompt
i 5

Figure. 2 The two evaluation pipelines compared in this work.
Left: Pipeline-1 generates one image per prompt and evaluates it
with both classifiers, with no regeneration. Right: Pipeline-2 uses
DenseNet-121 as a screening classifier (accept if Prclass>0.80 and
argmax=prompt, otherwise regenerate; up to five attempts), and uses
ResNet-18 as an independent evaluator held outside the screening
loop.

Experimentation Setup

The system was implemented in Python (using PyTorch)
and all training and evaluation was conducted in a managed
Jupyter environment (Google Colab). Two GPU types were
leveraged during development: an NVIDIA A100 (40 GB)
for computationally intensive tasks (e.g., diffusion model fine-
tuning at higher resolution) and an NVIDIA T4 (16 GB) for
lighter workloads (e.g., prototyping, classifier training, and
image generation). The A100’s larger memory enabled train-
ing with bigger batch sizes, while the T4 was sufficient for
inference and for training the smaller ResNet-18 model.

To ensure reproducibility, version control and thorough ex-
periment logging were employed throughout. All code, model
configurations, and training logs were version-controlled, and
the Bayesian hyperparameter optimisation study was managed
with Optuna with per-trial training curves logged to Weights
& Biases. Systematic naming/versioning (V1-V10 for the
manual-pilot diffusion model variants, and Optuna trial num-

bers for the BO study) was also used to organise the experi-
ments, and model checkpoints were saved at regular intervals
(every few hundred steps) to enable rollback or analysis of in-
termediate results. Automated evaluation scripts were devel-
oped to compute key metrics (precision, recall, F1-score, and
confusion matrices) on batches of generated images using the
classifier, as well as a utility to generate a fixed set of prompts
covering all tissue classes for consistent testing. These prac-
tices were chosen so that the workflow is reproducible and the
reported results could be regenerated from the same code and
settings.

Experimentation Details

Training Strategy and Model Versioning
Pilot Manual Exploration

Initial hyperparameter exploration was manual. The dif-
fusion model was iteratively fine-tuned through ten ver-
sions (V1-V10), systematically adjusting training duration
(1,000-3,000 steps), batch size (8, 16, 32), and learning rate
(10755 x 107>, with gradual warm-up). Standard practices
- a small noise offset during diffusion training and a cosine
learning-rate decay schedule > - were also applied. Each inter-
mediate version was scored on a small probe set (see “Model-
selection evaluation” below). A steady trend in macro-F1 was
observable over these versions, with V9 (1131 steps) reaching
macro-F1 ~0.67 on the probe set under the inference config-
uration that was later carried forward (Fig. 3). Although V9
was usable as a working configuration, manual sweeps cover
a low-dimensional slice of the hyperparameter space and pro-
vide no principled control over the trade-off between trial bud-
get and search precision; we therefore moved to Bayesian op-
timisation for the final hyperparameter selection.

[ Generation Model Optimization Visualization ]

Version 6 Version 7 Version 9

Prompt: “a histopathological image of an area with mucus”

Figure. 3 Qualitative evolution of generation quality across the man-
ual V1-V10 pilot, illustrated on a mucus prompt: outputs from V9
are much closer to the target tissue than those from V6 and V7.

Bayesian Hyperparameter Optimisation

We then ran a Bayesian optimisation study (Optuna, Tree-
structured Parzen Estimator with Hyperband-style prun-
ing) over a nine-dimensional search space: learning
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rate 1078,1073 (log), noise offset 0,0.5, LoRA rank
€{2,4,8,16,32,64,128}, Adam weight decay 107%,10~!
(log), LR scheduler €{cosine, linear, constant, cosine-
with-restarts}, SNR —y0, 10, batch size €4,8,16,32, Adam
B1€0.8,0.99, Adam f,€0.9,0.9999. The objective was val-
idation loss on a held-out PathMNIST validation set (min-
imisation). Fifty trials were budgeted; the pruner terminated
42 trials early on the strength of partial training trajectories,
and 8 trials were trained to completion. The best trial (#10)
reached a validation loss of 1.052, substantially below the
next-best completed trial (1.058); the best configuration was Ir
=9.0 x 1074, noise offset =0.36, LoRA rank =32, weight de-
cay =1.2 x 1070, cosine LR scheduler, SNR — Y = 6.2, batch
size 16, Adam f,=0.94, Adam [,=0.96. Figure 4 shows
the optimisation trajectory and Fig. 5 the parallel-coordinate
view; the best-configuration trace is the dark line at low valida-
tion loss. Figure 6 reports a single-feature variance-explained
estimate of hyperparameter importance; this is an indicative
ablation rather than a full functional ANOVA (fANOVA) de-
composition because eight completed trials are too few for re-
liable fANOVA, and we flag this limitation directly. Within
those caveats, learning rate, Adam weight decay, and LoRA
rank cluster as the top-three importance terms; the remaining
parameters, led by noise offset, contribute progressively less.
The best Bayesian configuration was used to retrain the pro-
duction generator, which is the model used in all multi-seed
evaluations reported in the Results section.

18 Bayesian hyperparameter optimisation: trial history

—— Best-so-far (min validation loss)
° @ Completed trials (n=8)
Pruned trials (n=42)
Y Best (trial #10, loss=1.0516)

17 ®

16
15
14 )

13

Validation loss (objective)

12

11

1.0

0 10 20 30 40 50
Trial number

Figure. 4 Bayesian optimisation history. Validation loss (objective,
minimised) of each completed trial, with the running best-so-far over-
laid. Forty-two of fifty trials were terminated early by the pruner on
partial trajectories (top tick marks). The best completed trial (#10,
loss =1.052) was used to train the production generator.

Model-Selection Evaluation

At both the manual-pilot and Bayesian-optimisation stages,
candidate configurations were scored on a small probe set: the
diffusion model was prompted to generate 10 images per tis-
sue class (90 images total), the ResNet-18 validator predicted
a label for each image, and these predictions were compared to

Parallel-coordinate view of the 8 completed BO trials (colour = validation loss)

/
\

5t

sor train o ada
Gamma Batch Betal Betaz

Figure. 5 Parallel-coordinate view of the eight completed BO trials.
Each line is one trial across nine hyperparameter axes; line colour
encodes validation loss (blue lower, red higher). The bold blue trace
is the best trial (#10).

Hyperparameter importance (single-feature ablation, n=8 completed trials)

learning rate

adam weight decay
rank

noise offset

Ir scheduler

adam beta2

train batch size
snr gamma

adam betal

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45
Approximate variance-explained fraction (within-group variance reduction)

a small completed-trial count limits the precision of fANOVA-style importance estimates.

Figure. 6 Approximate hyperparameter importance from a single-
feature within-group variance-reduction estimate over the eight com-
pleted trials. With this trial count fANOVA is not reliable, so this
should be read as an indicative ranking rather than a precise decom-
position. Learning rate, Adam weight decay, and LoRA rank are the
most influential parameters under this estimate.

the prompt labels to compute precision, recall, and F1-score,
macro-averaged across the nine classes. This lightweight pro-
tocol is sufficient for ranking configurations during hyperpa-
rameter search but is not the rigorous evaluation of the final
pipeline. The rigorous evaluation — 100 images per class
across three paired random seeds, with an independent cross-
architecture evaluator — uses the production generator trained
from the best Bayesian-optimisation configuration and is re-
ported separately in the Results section. The production infer-
ence configuration carried forward is: DPMSolverMultistep-
Scheduler, 40 inference steps, guidance scale 6.5, 224 x 224
resolution.

Results

Experimental Protocol

We evaluated two generation pipelines under matched condi-
tions on three paired random seeds (1337, 42, 2024). Pipeline-
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1 (baseline) samples from the LoRA-fine-tuned diffusion
model with the production inference configuration (DPM-
SolverMultistepScheduler, 40 inference steps, guidance scale
6.5, 224 x 224 resolution) and classifies each image with both
ResNet-18 and DenseNet-121, with no rejection. Pipeline-2
(classifier-in-the-loop) interposes DenseNet-121 as a screen-
ing classifier with a confidence threshold of 0.80; samples
that fail screening are regenerated, up to a maximum of five
attempts per image. Accepted images are then evaluated by
ResNet-18, which is held out of the screening loop to provide
an evaluator that is independent of the rejection criterion. We
frame Pipeline-2 as a form of classifier-in-the-loop rejection
sampling for medically-conditioned diffusion™!?: the screen-
ing classifier is used to define an acceptance region in image
space, and accepted samples are evaluated by an independent
network to control for selection bias.

For each seed, both pipelines produce 100 images per class
across the nine PathMNIST classes (900 images per seed per
pipeline; 5,400 images in total across the multi-seed study).
The same three seeds are applied to both pipelines so that the
rejection-loop effect is isolated from sampler variance and a
paired comparison by seed is statistically valid.

Overall Accuracy

Table 1 Overall accuracy and inter-model agreement, mean =+ std
over three paired seeds (1337, 42, 2024). ResNet-18 is the inde-
pendent evaluator (held out of the screening loop); DenseNet-121 is
the screening classifier in Pipeline-2 (starred numbers are selection-
biased upper bounds). Acceptance rate and mean attempts are re-
ported for Pipeline-2 only.

Pipeline Metric Mean  Std

Pipeline-1 ResNet-18 accuracy 0913  0.009
Pipeline-1 DenseNet-121 accuracy 0.904 0.011
Pipeline-1  Inter-model agreement 0.908 0.009
Pipeline-2  ResNet-18 accuracy (independent)  0.939  0.003
Pipeline-2  DenseNet-121 accuracy (selected)* 0.995 0.003
Pipeline-2  Inter-model agreement 0.943  0.003
Pipeline-2  Acceptance rate 0.995 0.003
Pipeline-2 Mean attempts to acceptance 1.184 0.011

Table 1 reports overall accuracy of both classifiers on the
synthetic images, together with inter-model agreement. The
independent ResNet-18 evaluator measures Pipeline-1 accu-
racy at 0.913£0.009 and Pipeline-2 accuracy at 0.939+0.003,
a gain of +2.6 percentage points (Fig. 7). DenseNet-121,
which is the screening classifier inside Pipeline-2, measures
Pipeline-1 accuracy at 0.904+0.011 and Pipeline-2 (selected)
accuracy at 0.99540.003; the latter is, by construction, a
selection-biased upper bound and we therefore use the inde-
pendent ResNet-18 number as the headline measure through-
out. Inter-model agreement rises from 0.908+0.009 under

Overall accuracy and inter-model agreement
(mean * std across 3 paired seeds: 1337, 42, 2024)

0.995
1.000

0.975
0.950

0.925

Accuracy

0.900

0.875

0.850

0.825

0.800

ResNet-18 acc.

DenseNet-121 acc. Inter-model

agreement

Figure. 7 Overall accuracy and inter-model agreement (mean =+ std
across three paired seeds). The independent ResNet-18 evaluator is
the headline measure; the DenseNet-121 selected accuracy is flagged
as a selection-biased upper bound.

Pipeline-1 to 0.943+0.003 under Pipeline-2 (Fig. 8) —
classifier-in-the-loop sampling not only raises mean accuracy
but also brings the two independently-trained classifiers into
closer agreement on the synthetic samples that pass screening.

Pipeline-2 accepts 99.52%+0.26% of generated images
within the five-attempt budget, at a mean of 1.1844-0.011 at-
tempts to acceptance; the additional generation cost is there-
fore modest in aggregate.

Classifier-in-the-loop sampling tightens cross-classifier agreement

4
©
&

P2 mean = 0.943  0.003

14
©
®

14
©
<

14
©
N

14
©
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14
©
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Inter-classifier agreement (ResNet-18 vs DenseNet-121)

== Pipeline-1
B Pipeline-2

seed 1337 seed 42

seed 2024

Figure. 8 Inter-model agreement (ResNet-18 vs. DenseNet-121)
under both pipelines, shown per seed. Dashed lines mark the across-
seed mean for each pipeline.

Per-Class Accuracy

Per-class accuracy reveals where the overall gain comes from
(Fig. 9, Fig. 10, Table 2). Eight of nine classes are at
or above 0.97 ResNet-18 accuracy under Pipeline-2 (seven
of nine under Pipeline-1); the residual error is concentrated
in cancer-associated stroma, which the diffusion model con-
flates with smooth muscle. Stroma accuracy under the in-
dependent evaluator rises from 0.36040.061 (Pipeline-1) to
0.50740.012 (Pipeline-2), a gain of +14.7 percentage points
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Table 2 Per-class accuracy under the independent ResNet-18 evalu-
ator, mean =+ std over three paired seeds. A = Pipeline-2 - Pipeline-1
in percentage points. Rows sorted by Pipeline-2 accuracy ascending.

Class P1 (meantstd) P2 (meantstd) A (pp)
Cancer-assoc. stroma  0.36040.061 0.507+0.012 +14.7
Smooth muscle 0.9704+0.017 0.973£0.015 +0.3
Debris 0.927+0.031 0.9774+0.012 +5.0
Mucus 0.9834+0.006  0.993 +0.006 +1.0
Lymphocytes 1.000£0.000  0.997+0.006 —0.3
Adipose 0.990 +0.000 1.000 £ 0.000 +1.0
Background 1.000£0.000  1.000£0.000  40.0
Normal mucosa 0.9934+0.012 1.000£0.000 +0.7
Adenocarcinoma 0.990+0.010 1.000+£0.000 +1.0

Per-class accuracy, mean  std across three paired seeds (1337, 42, 2024)

+5.0 pp

Figure. 9 Per-class accuracy under the independent ResNet-18 eval-
uator. A values (shown above each Pipeline-2 bar) are P2 - P1 in
percentage points. Error bars show = std across three seeds.

and the dominant contribution to the overall improvement.
Notably, the across-seed standard deviation for stroma drops
by an order of magnitude in Pipeline-2 (0.061—0.012), indi-
cating the classifier-in-the-loop sampling not only raises the
stroma mean but also stabilises the outcome across seeds.

The remaining classes show small, mostly positive deltas:
debris (+5.0 pp), adipose (+1.0), mucus (+1.0), adenocarci-
noma (+1.0), normal mucosa (+0.7), smooth muscle (+0.3),
background (0.0), lymphocytes (-0.3). The single small nega-
tive is on a class that was already at 1.000 and reflects a single
seed in which one of 100 lymphocyte samples was misclassi-
fied after screening.

Statistical Analysis

We use two paired tests, with the seed assignment as the pair-
ing variable. As a primary test on per-class recall we pool
across class and seed (n=27 paired observations) and apply
the Wilcoxon signed-rank test (one-sided, P2 > P1), using
Pratt’s treatment of zero differences and the exact null dis-
tribution rather than the large-sample normal approximation,
which is appropriate at this sample size. With the indepen-

Pipeline-2 improvement over Pipeline-1, per class
(mean + std across 3 paired seeds)

[ ResNet evaluator (independent of screen) I DenseNet evaluator (screen, selection-biased upper bound)

hardest class
04 (stroma)

03
: — }i —— i J e
0.0 ] I

Adipose  Background Debris

P2 - P1

Accuracy gain A

Lymphocytes  Mucus Smooth Normal Stroma Adeno-
muscle mucosa carcinoma

Figure. 10 Per-class accuracy gain A=P2-P1 under each evaluator.
The independent ResNet-18 evaluator (orange) places the bulk of the
improvement on cancer-associated stroma. The DenseNet-121 evalu-
ator (green) reports larger gains on stroma, smooth muscle, and ade-
nocarcinoma but is selection-biased because the same classifier de-
fines the acceptance criterion in Pipeline-2; the ResNet-18 numbers
are the headline measure throughout the paper.

dent ResNet-18 evaluator this gives p = 3.5 x 1073; the cor-
responding paired t-test gives t=2.65, two-sided p=0.014. Us-
ing DenseNet-121 (which is the screening classifier and thus
selection-biased) the Wilcoxon test gives p =3.6 x 1075, Asa
secondary test on overall accuracy paired by seed alone (n=3)
the paired t-test gives t=3.81, p=0.062; we note explicitly
that the three-seed test is underpowered (Fig. 11 visualises
the across-seed variability behind these tests) and report the
pooled class x seed test as primary for this reason. We note
that the nine per-class observations within a seed are not mu-
tually independent — they derive from the same generator and
screening run — so the pooled test trades strict independence
for statistical power; pairing by seed controls for between-run
variation, and the agreement of the pooled Wilcoxon test, the
by-seed t-test, and the per-class sign test below guards against
over-reliance on any single test’s assumptions. A cluster-
robust or hierarchical model treating class and seed as nested
factors is left to future work.

Reproducibility across three paired seeds: tight bands on both pipelines

o
©
S

o
o
2

@

P2 mean = 0.939, i@l = 0.003

o
©
v

o @ Pipeline-1
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°
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Figure. 11 Seed-stability plot. The plot shows the per-seed overall
accuracy under the independent ResNet-18 evaluator, with the three
seeds as individual points.
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A sign test on the per-class mean improvement A=P2-P1
across the nine classes gives 7/9 classes improved, 1 tied, 1
marginally declined (one-sided binomial p=0.035); under the
DenseNet evaluator all 9 classes improve (p = 1.95 x 1073).
Stroma alone, paired by seed (n=3), improves under both
evaluators: ResNet A=+0.147, p=0.062; DenseNet A=+0.390,
p=0.008.

Failure Analysis

Ro\ lised confusion mat trices, seed 1337 (independent ResNet-18 evaluator)

Pipeline-2 (classifier-in-the-loop)
10 10

g mc g
£ £

O eSS R
s st

Figure. 12 Row-normalised confusion matrices on the synthetic
images, evaluated by the independent ResNet-18, seed 1337. Left:
Pipeline-1 (no rejection). Right: Pipeline-2 (classifier-in-the-loop).

Figure 12 shows row-normalised confusion matrices for
seed 1337 (the other two seeds are qualitatively similar). The
Pipeline-1 stroma row sends 67% of stroma samples to smooth
muscle; under Pipeline-2 this drops to 48%, with the re-
mainder correctly classified as stroma. No other class tran-
sition reaches 5% in either pipeline. Figure 13 summarises
the stroma-specific picture across both classifiers, including
the magnitude of selection bias on the DenseNet-121 screen-
ing view. The dominant residual failure mode is therefore
stroma—smooth muscle confusion, consistent with the his-
tological observation that these two tissues share overlap-
ping morphological cues (elongated nuclei, fibrillar matrix) at
the tile-level scale of PathMNIST. Prior work on the NCT-
CRC-HE collection has shown that colorectal-tissue tiles at
this resolution remain discriminative for downstream tasks2°,
suggesting that the limit here is the generator’s prompt-
conditional mode coverage rather than the inherent separabil-
ity of the two tissue types in the data.

Figure 14 reports per-class generation cost under Pipeline-
2. Stroma requires 1.8540.09 attempts on average to pass
screening, compared with <1.5 for every other class, and
is the only class with non-zero five-attempt failure rate
(3.67%=£2.1%). The diffusion generator is therefore the bot-
tleneck for stroma, not the classifier - the rejection loop is cor-
rectly identifying poor stroma samples and the generator is
unable to reliably produce alternatives within five attempts.

Stroma class: where classifier-in-the-loop sampling helps most

0.963
0021

0
T

0573
+0.081

o507 I

ociated stroma

n cancer-ass
(mean = std across 3 seeds)

°

+0.012 J.
0.360

+0.061

Recall or

Figure. 13 Cancer-associated stroma deep-dive. Stroma recall un-
der both pipelines, measured by the independent ResNet-18 eval-
uator and by the DenseNet-121 screening classifier (mean + std
across three paired seeds). The Pipeline-2 DenseNet-121 value is
a selection-biased upper bound by construction.

Pipeline-2 generation cost per class
(mean * std across 3 paired seeds; max_attempts=5, threshold=0.80)

20 1 attempt (no rejection) 1.85

Mean attempts to acceptance

mooth ~ Normal ~ Stroma  Adeno-
muscle  mucosa carcinoma

Adipose Background Debris Lymphocytes Mucus S

Figure. 14 Mean number of generation attempts to acceptance under
Pipeline-2, per class (mean =+ std across three paired seeds). The
dashed reference line at 1.0 corresponds to Pipeline-1 (no rejection).

Discussion

We have presented Pipeline-2 as a form of classifier-in-
the-loop rejection sampling for medically-conditioned diffu-
sion: the screening classifier defines an acceptance region
in image space and accepted samples are evaluated by an
independently-trained network to control for selection bias.
Framed this way, the contribution of the work is not a new gen-
erative paradigm but a careful integration and empirical evalu-
ation of three existing components — LoRA-fine-tuned latent
diffusion®!3, classifier-guided/rejection sampling>'>!°, and a
held-out independent evaluator — applied end-to-end to a col-
orectal histopathology benchmark ?2.

Two findings are worth highlighting. First, the per-class
improvement is highly non-uniform: seven of nine PathM-
NIST classes are already near-saturated under the baseline dif-
fusion sampler, and the majority of the gain — roughly two-
thirds of the +2.6 pp — is concentrated on the single hard-
est class, cancer-associated stroma (+14.7 percentage points
under the independent evaluator). This is the expected be-
haviour of rejection sampling in regions where the generator
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places most of its mass on a competing mode — here, smooth
muscle — and provides empirical support for the rejection-
sampling interpretation. Second, the across-seed standard de-
viation on the stroma class drops by an order of magnitude
under Pipeline-2 (0.061—0.012). The rejection loop is there-
fore not only raising the mean but also stabilising the outcome,
which is the more interesting property for a downstream user
who cares about consistency of synthetic-data quality across
random seeds.

A separate, methodological observation concerns hyperpa-
rameter selection. Manual sweeps over V1-V10 covered only
a low-dimensional slice of the hyperparameter space; replac-
ing them with Bayesian optimisation (50-trial Optuna study
with Hyperband-style pruning) produced a generator with
lower validation loss than any manually-tuned variant, and the
importance ranking it surfaced — learning rate, Adam weight
decay, and LoRA rank as the top-three parameters — matches
the intuition that learning rate and regularisation dominate
parameter-efficient fine-tuning, though we did not attempt to
confirm this against a formal external benchmark. We flag two
caveats explicitly: only 8 of 50 trials completed (the remain-
ing 42 were pruned early), and the per-parameter importance
estimate is therefore single-feature rather than a full fANOVA
decomposition. Within those caveats, BO replaces an ad-hoc
grid with a budget-aware, reproducible search and is recom-
mended for future LoRA-adaptation work on this benchmark.

We also considered but did not run a Pipeline-3 ablation in
which the roles of DenseNet-121 and ResNet-18 are reversed
(ResNet-18 as the screening classifier and DenseNet-121 as
the independent evaluator). Such an ablation would isolate
how much of the Pipeline-2 gain is attributable to the choice
of screening classifier specifically, rather than to the existence
of a screen at all. We omitted it from the present study to keep
the experimental matrix tractable and because the DenseNet-
as-screen / ResNet-as-evaluator direction is the one consistent
with our per-class screening analysis (DenseNet-121 produced
more permissive accept decisions on the hardest class, stroma,
which is the property a screening classifier in this pipeline
must have to be useful). The role-reversal direction is listed
as a future-work ablation.

Limitations

Selection bias on the screening classifier. The DenseNet-
121 selected accuracy of 0.99540.003 is a selection-biased
upper bound, because the same classifier defines acceptance
and is used for evaluation. We therefore report the indepen-
dent ResNet-18 number (0.939+0.003) as the headline mea-
sure, but the inflation of the DenseNet number across seeds
illustrates the size of the selection effect that any work using
its screening classifier as evaluator is silently incurring.

No conditional-GAN baseline. The reported comparison

is between two diffusion-based configurations of the same
generator. Pipeline-1 (no rejection) functions as an abla-
tion that isolates the contribution of the classifier-in-the-loop
component within the diffusion pipeline; it does not iso-
late the contribution of diffusion versus alternative genera-
tive paradigms®’. A controlled comparison against a con-
ditional GAN of comparable parameter count and training
budget remains future work and would speak directly to the
broader question of whether diffusion is the right backbone
for histopathology tile generation.

No expert pathologist review. Both pipelines are eval-
uated by deep classifiers, not by human experts. Classi-
fier accuracy is a useful surrogate for prompt-label adher-
ence and image realism28, but it does not substitute for his-
tological plausibility judgements that only a trained pathol-
ogist can make. We have identified the high-disagreement
and low-confidence cases (the reference-seed files disagree-
ment_cases.csv and lowest_confidence_cases.csv, available on
request) as a natural priority set for an expert review study;
this remains future work.

Limited number of seeds. Multi-seed reporting in this
work uses three paired seeds (1337, 42, 2024). This is suffi-
cient for the primary statistical test (paired Wilcoxon on n=27
class x seed observations, p = 3.5 x 10~3) but is underpow-
ered for tests that pair only by seed (n=3); we report these
as supporting evidence with explicit caveats. A higher-seed
study is straightforward to run and is included in the future
work plan.

Single dataset, single tissue type. The evaluation is on
PathMNIST (colorectal tissue, derived from the NCT-CRC-
HE-100K collection??). We do not test out-of-domain gener-
alisation, and the broader question of whether classifier-in-the-
loop synthetic data improves downstream clinical-task perfor-
mance — the standard utility test for medical synthetic data®®
— is left for future work. The classifier-in-the-loop framing
is dataset-agnostic, but the size and direction of the per-class
improvement are not, and the failure mode (stroma— smooth
muscle) is a colorectal-tissue artefact.

Tile-level evaluation only. All evaluation is at the
224 x 224 tile scale defined by PathMNIST. Whole-slide-level
evaluation, in which generated tiles are composited and as-
sessed for spatial coherence, is outside the scope of this study.

Future Work
The five lines of follow-up work suggested by this study are:

1. Conditional-GAN baseline of comparable parameter and
training budget, evaluated under the same multi-seed pro-
tocol, to disentangle the diffusion-backbone contribution
from the classifier-in-the-loop contribution.

2. Expert pathologist review of the high-disagreement and
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low-confidence cases identified by this study, with a par-
ticular focus on the stroma—smooth muscle confusion
pair.

3. Larger seed counts and bootstrap-confidence-interval re-
porting to tighten the inferential claims on overall met-
rics, plus a Pipeline-3 role-reversal ablation (ResNet-
18 as screening classifier, DenseNet-121 as indepen-
dent evaluator) to isolate the contribution of the specific
classifier-screen choice from the existence of any screen
at all.

4. Targeted stroma sub-conditioning. The current generator
places too much mass on smooth muscle when prompted
for stroma; sub-class textual conditioning or stroma-
specific LoRA adapters are natural next experiments.

5. Scale-up and alternative guidance. Two complemen-
tary directions extend the approach beyond the present
scope: (i) replacing the rejection-sampling gate with
classifier-guided or energy-guided sampling that incor-
porates the classifier signal directly into the denoising
trajectory rather than as a post-hoc accept/reject deci-
sion>30, which could reduce the average number of re-
generation attempts; and (ii) scaling from patch-level
synthesis on PathMNIST to whole-slide synthesis us-
ing larger-scale histopathology corpora such as TCGA3!,
which would expose the framework to inter-patient and
inter-site variability absent from the present evaluation.

Summary and Outlook

This work set out to determine whether classifier-in-the-loop
rejection sampling can produce histopathology images that are
both visually realistic and semantically aligned with their tar-
get class, and to do so under an evaluation that controls for the
most common forms of methodological circularity in this set-
ting. Three findings answer that question. First, the rejection-
sampling gate raises overall accuracy on the independent
ResNet-18 evaluator from 0.913+0.009 to 0.939+0.003, with
the gain concentrated on the single hardest class (cancer-
associated stroma, +14.7 percentage points). Second, the im-
provement is statistically supported under a paired test pooled
across class and seed (Wilcoxon, n=27, p =3.5 x 1073) and
stable across three paired random seeds. Third, the across-
seed standard deviation on stroma falls by an order of magni-
tude under classifier-in-the-loop sampling, indicating that the
loop stabilises outcomes rather than merely raising means.
These results connect directly to the objectives stated in the
introduction: the framework produces synthetic images that
the independent evaluator accepts at the target class with high
reliability, and the per-class analysis localises the remaining

failure mode (stroma—smooth muscle) to a specific morpho-
logical ambiguity that can be addressed in future work. The
framing as rejection sampling for medically-conditioned dif-
fusion, with an architecturally distinct held-out evaluator, gen-
eralises beyond this benchmark; the specific numerical gains
do not, and we explicitly do not claim clinical readiness.
The contribution is a methodological recipe — LoRA-fine-
tuned latent diffusion, Bayesian hyperparameter selection, a
screening classifier with a rejection gate, and an independent
cross-architecture evaluator — that can be transferred to other
histopathology and medical-imaging tasks with appropriate
domain-specific tuning. We hope the explicit instrumentation
of the rejection loop, the disagreement and low-confidence
case lists, and the multi-seed protocol can serve as a tem-
plate for rigorous evaluation of synthetic medical images more
broadly.
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