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Abstract

When real training images for magnetic resonance imaging (MRI) segmentation are lim-
ited, existing masks can be reused to synthesize additional image appearances. However,
paired image-translation methods may favor pixel fidelity over distributional similarity, while
full diffusion-model fine-tuning is costly and generic conditioning does not explicitly encode
mask geometry. To address these limitations, we propose ControlNet-guided Low-Rank
Adaptation for MRI synthesis (CLoRA-MRI), a mask-conditioned latent diffusion frame-
work that adapts both the denoising and spatial-conditioning pathways. Only 2.96% of the
framework parameters are trainable in the BraTS configuration. We evaluate image quality
and segmentation utility on BraTS2020 brain MRI and ACDC cardiac MRI across four frac-
tions of real training slices. On BraTS T1 contrast-enhanced MRI, CLoRA-MRI achieves
a lower FID than Pix2Pix (55.65 versus 162.42), although Pix2Pix has higher paired pixel
fidelity. With 10% real training slices, adding synthetic pairs raises mean Dice from 0.7208
to 0.7401 and reduces HD95 from 48.43 to 45.34 pixels in a within-cohort, slice-level BraTS
evaluation. On 50 held-out ACDC patients, a separately trained adapter raises mean Dice
from 0.7661 to 0.8263 and reduces HD95 from 15.40 to 13.63 pixels at the same fraction.
Gains diminish as real-image availability increases. These results support targeted use of
parameter-efficient, mask-conditioned MRI synthesis when real-image coverage is low.

Keywords: magnetic resonance image synthesis; medical image segmentation; synthetic data
augmentation; diffusion models; mask-conditioned generation; low-rank adaptation.

1 Introduction

Magnetic resonance imaging (MRI) supports brain-tumor diagnosis and treatment planning;
T1 contrast-enhanced (T1lce) scans reveal enhancing tissue. Segmentation requires annotated
datasets that are costly to assemble [1, 2. When valid masks already exist, synthesis can
diversify image appearance without replacing expert annotations.

Conventional augmentation perturbs existing images but cannot create new appearances
conditional on a specified mask. Conditional generators can synthesize an image from that mask.
Pix2Pix demonstrated paired mask-to-image translation [3], although adversarial training can
be unstable and deterministic objectives may favor averaged outputs [4].

Diffusion models have substantially improved image generation quality [5, 6]. Nevertheless,
adapting a large text-to-image diffusion model to a small medical dataset raises two practi-
cal difficulties. First, full fine-tuning is expensive and can overfit. Second, an image-level or
textual condition does not provide the spatial precision required for lesion-controlled synthesis.
ControlNet introduces a dedicated spatial-conditioning pathway [7], whereas LoRA provides
parameter-efficient adaptation through trainable low-rank updates [8].

We ask whether controllable synthetic image-mask pairs improve segmentation under a lim-
ited adaptation budget. Perceptual quality alone need not translate into utility, so we evaluate
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generation alongside downstream segmentation across real-image data regimes. We call this
framework ControlNet-guided Low-Rank Adaptation for MRI synthesis (CLoRA-MRI).
The contributions of this work are:

e We formulate controllable MRI synthesis as a budget-constrained augmentation problem:
segmentation masks specify spatial anatomy, while dual-branch LoRA adapts a pretrained
latent diffusion model using 37.2M trainable parameters (2.96% of the complete model) in
the rank-128 BraTS configuration.

e We evaluate complementary aspects of synthesis quality, including paired pixel fidelity,
perceptual similarity, distributional distance, tumor-region structural similarity, and qual-
itative mask alignment. We treat tumor-region SSIM as an an auxiliary measure of local
paired similarity.

o We assess downstream augmentation across multiple real-data regimes rather than treating
FID as a proxy for utility. The results identify a practical utility boundary: synthetic data
are most valuable when real-image coverage is low and provide little or no gain once
real-data coverage is high.

e We report patient-independent downstream evaluation on ACDC cardiac MRI, showing
that this adaptation-and-augmentation protocol extends beyond brain tumors when a
target-domain adapter is trained independently.

2 Related Work

2.1 Medical Image Synthesis

GANs have been extensively studied for medical image synthesis. The adversarial learning
framework was introduced by Goodfellow et al. [9] and subsequently adapted to many image-
generation settings. Dar et al. [10] used conditional adversarial learning for multi-contrast
MRI synthesis, whereas Frid-Adar et al. [11] examined synthetic-image augmentation for le-
sion classification. BrainGAN further illustrates the use of generative adversarial models for
brain MRI generation [12]. Pix2Pix learns paired image-to-image mappings with adversarial
and reconstruction losses [3], whereas CycleGAN supports unpaired translation through cycle
consistency [13]. Despite their utility, GANs can suffer from training instability, mode collapse,
and limited output diversity [4].

2.2 Diffusion Models for Medical Imaging

Denoising diffusion probabilistic models learn to reverse a gradual noise process [5]. Latent diffu-
sion reduces the computational burden by performing denoising in a compressed latent space [6].
Wolleb et al. [14] demonstrated diffusion-based medical anomaly synthesis, and Pinaya et al. [15]
adapted latent diffusion to brain imaging. Khader et al. [16] studied latent-space diffusion for
3D medical image generation. ColLa-Diff uses conditional latent diffusion for multi-modal MRI
synthesis [17]. SegGuidedDiff explicitly follows multi-class segmentation masks during sam-
pling [18]. More recent MRI-specific methods include MU-Diff for brain-lesion synthesis [19]
and a slice-based latent-diffusion pipeline for multi-modal MRI and mask generation [20]. These
studies motivate controllable synthesis, but differ in conditioning, modalities, and training pro-
tocol from the low-budget setting addressed here.

2.3 Spatial Conditioning and Parameter-Efficient Adaptation

ControlNet augments a pretrained diffusion backbone with a trainable copy of the encoder
that receives an additional spatial condition [7]. Zero-initialized convolutions allow conditioning
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residuals to be introduced without immediately destroying the pretrained representation. LoRA
constrains a weight update to a low-rank product, reducing the number of trainable parame-
ters [8]. Dutt et al. [21] identified parameter-efficient fine-tuning as an important opportunity in
medical image analysis, and Chambon et al. [22] examined the adaptation of pretrained founda-
tion models to medical domains. SeLoRA extends low-rank adaptation specifically for medical
image synthesis [23]. The present work uses both ControlNet and LoRA: ControlNet communi-
cates tumor-mask geometry, while LoRA adapts the UNet and ControlNet attention layers to
MRI appearance.

2.4 Synthetic Data for Segmentation

The practical value of generated medical images should ultimately be assessed through down-
stream tasks. Akbar et al. [24] compared GANs and diffusion models for brain-tumor segmen-
tation with synthetic MRI. Al Khalil et al. [25] evaluated synthetic data for robust cardiac-MRI
segmentation, whereas a later study used conditional synthesis and Fourier-domain adaptation
for multi-modal brain-tumor segmentation [26]. Qiu et al. [27] proposed a noise-consistent dif-
fusion method that jointly addresses synthesis and segmentation. Kebaili et al. [20] evaluated
downstream tumor segmentation using synthetic multi-modal MRI. Goceri [28] reviewed the
broader role of medical-image augmentation and the need to evaluate it against task-specific ob-
jectives. Recent work in Pattern Recognition has examined related low-annotation settings from
complementary directions. Chen et al. [29] use multi-scale diffusion features and image-level
consistency for semi-supervised medical segmentation; unlike that feature-guidance approach,
our method synthesizes paired images for existing masks. Wan et al. [30] generate model-guided
hard samples for downstream medical segmentation, whereas our generator is conditioned di-
rectly on anatomical masks and adapted through a restricted parameter budget. The effect of
synthetic data is not uniform: it can help when real samples are scarce, but gains may disappear
or reverse when generated images add little information beyond a sufficiently large real dataset.
Our experiments explicitly study this behavior across several data fractions.

From a pattern-recognition perspective, mask-conditioned MRI synthesis couples conditional
distribution learning, anatomical constraint preservation, and label-preserving data augmenta-
tion. The central question is therefore not image realism alone, but whether a resource-efficient
conditional generator preserves discriminative structures well enough to improve recognition un-
der limited labeled data. This framing motivates our joint evaluation of global image statistics,
condition alignment, and downstream segmentation utility.

3 Method

3.1 Overview

Given a multi-region segmentation mask ¢, CLoRA-MRI generates a corresponding MRI slice
X. The primary BraT§S instantiation produces T1ce brain MRI, while the ACDC instantiation
produces cardiac cine MRI using a separately trained adapter. The framework consists of a frozen
variational autoencoder (VAE), a pretrained Stable Diffusion v1.5 UNet, a ControlNet branch,
and LoRA modules inserted into the attention projections of both the UNet and ControlNet.
Generated image—mask pairs can subsequently be concatenated with real labeled data to train
a downstream segmentation network.

3.2 Stable Diffusion Components

Stable Diffusion v1.5 performs denoising in a compressed latent space rather than directly in
pixel space. For a 128 x 128 input, the diffusion state has dimensions 16 x 16 x 4, substantially
reducing memory use. The pretrained backbone contains a VAE, a conditional UNet, and a
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Figure 1: Overview of CLoORA-MRI. A BraTS-style multi-region mask is supplied to ControlNet
as a spatial condition. LoRA modules adapt the attention layers of both the diffusion UNet and
ControlNet. The resulting image—mask pairs can be used as additional training samples for a
downstream segmentation model.

CLIP text encoder. The VAE, text encoder, and base UNet weights remain frozen throughout
training.

The natural-image pretraining supplies generic image priors, while LoRA redirects the atten-
tion layers toward MRI appearance. Because no semantic text description is required, the text
encoder receives an empty prompt and produces a fixed embedding es € R77*758 Consequently,
the segmentation mask is the only spatially informative condition.

3.3 Latent Diffusion Backbone
The VAE encoder £ maps a real image x to a latent representation

zo = K E(x), (1)
where k denotes the fixed VAE latent scaling factor. At diffusion step t, Gaussian noise € is

added:
zZ = \/d»tZO + 1= Q€. (2)

The denoising network predicts the sampled noise from z;, t, and the spatial condition.
For Stable Diffusion v1.5, k = 0.18215. After reverse diffusion, the VAE decoder reconstructs

% = D(20/k). (3)

The UNet alternates residual blocks and spatial transformers. Its self-attention layers model de-
pendencies within latent feature maps, whereas cross-attention receives the fixed empty-prompt
embedding. Mask information is supplied separately through ControlNet.

3.4 ControlNet Spatial Conditioning

The segmentation condition is represented as a three-channel color-coded mask. For BraTS, the
channels encode edema, necrotic/non-enhancing tumor core, and enhancing tumor; for ACDC,
the same interface encodes RV, Myo, and LV. ControlNet processes this mask and produces
residual features at multiple resolutions. If h; is the frozen UNet feature at level I and r;(c) is
the corresponding ControlNet residual, the conditioned feature is

h; = h; + Z(ry(c)), (4)

where Z; is a zero-initialized 1 x 1 convolution.
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The ControlNet encoder mirrors the frozen UNet encoder and provides residuals at 16 x 16,
8 x 8, and 4 X 4, together with a middle-block residual. Their channel dimensions are 320, 640,
1280, and 1280. Fine-resolution features communicate lesion position and local shape, while
coarse features affect global context. Because the residual projections are initialized to zero,
training begins from the behavior of the pretrained model rather than an abruptly perturbed
denoiser.

3.5 Low-Rank Adaptation

For a frozen weight matrix Wy € R¥* LoRA parameterizes its update as
W =W, + “LBA, (5)
r

where A € R"™* and B € R?*" are trainable, r is the LoRA rank, and qf, is the LoRA scaling
coefficient. LoRA is applied to the query, key, value, and output projections of all attention
blocks in both branches. At r = 128, the UNet contains 25.5M trainable LoRA parameters and
ControlNet contains 11.7M, totaling 37.2M.

The low-rank matrices are initialized asymmetrically: A is randomly initialized and B is
initialized to zero, so the initial update is exactly zero. LoRA is inserted into the to_q, to_k, to_v,
and to_out .0 projections of each spatial transformer. Applying LoRA to both branches permits
domain adaptation in the primary denoising pathway and the mask-conditioning pathway.

3.6 Training Objective and Inference

The model minimizes the standard diffusion noise-prediction loss:
2
Lait = Bz tec |l€ — €9z, 1, c)lb] : (6)

During BraTS inference, DDIM sampling [31] is used with 50 denoising steps; ACDC synthesis
uses 20 steps. Classifier-free guidance uses guidance scale g = 7.5; this symbol is intentionally
distinguished from the VAE scaling factor «.

At each reverse step, the conditional and unconditional predictions are combined as

€= éuncond + g (écond - éuncond) . (7)

The unconditional branch receives no mask. A larger g strengthens the condition but may reduce
diversity or amplify artifacts; both domain-specific synthesis pipelines use g = 7.5.

3.7 Reference-Assisted Intensity Analysis

We additionally examine grayscale conversion, automatic gamma correction, CLAHE, and his-
togram matching as a reference-assisted analysis of intensity bias. Gamma estimation and
histogram matching use the paired real image; all downstream augmentation experiments use
raw generated images.
For completeness, the analysis consists of four stages. The decoder output is first converted
to grayscale:
Igray = 0.299R + 0.587G + 0.114B. (8)

A gamma value is then estimated from foreground mean intensities:
log (4t
~ = clip (Og('ueaH_E)7 0.5, 3‘()) . (9)
log(ftgen + €)

The corrected image Igray is processed using CLAHE with clip limit 2.0 and an 8 x 8 tile grid,
followed by histogram matching to the paired reference. This analysis therefore remains separate
from the reference-free synthesis pipeline.
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3.8 Downstream Segmentation

For downstream experiments, real and synthetic image—mask pairs are combined by natural
concatenation:
Dmix = Dreal U Dsyn- (10)

A standard 2D U-Net [32] with base width 32 is trained using the sum of cross-entropy and Dice
losses. Synthetic images are used only in the training partition; evaluation is performed on real
images.

The BraTS segmentation implementation contains three mutually exclusive foreground
labels—edema, necrotic/non-enhancing core, and enhancing tumor—plus background. Its
models are optimized for 30 epochs. The ACDC implementation instead uses RV, Myo, and
LV as the three foreground classes and is optimized for 50 epochs with a batch size of 8. Both
implementations use AdamW, an initial learning rate of 10™%, cosine decay to 107, weight
decay 1074, and gradient clipping at 1.0. Within each dataset, all compared data conditions
use the same network and optimization schedule.

4 Experimental Setup

4.1 BraTS2020 Synthesis

BraTS2020 contains 369 multi-institutional glioma cases with four MRI modalities [2]. We
use Tlce images and their tumor annotations. For generator development, eight informative
axial slices per case are selected, producing 2,952 slices at 128 x 128 resolution. The selection
emphasizes slices with substantial tumor content and reduces redundancy, but under-represents
tumor-free and low-burden slices. This design therefore targets lesion-conditioned synthesis
rather than whole-volume generation.

The diffusion model is trained for 30 epochs using AdamW (Ir = 10~*, cosine decay to 1077),
mixed precision, an effective batch size of 8, and gradient clipping at 1.0. All experiments are
run on an NVIDIA GeForce RTX 3070 Ti Laptop GPU.

4.2 Synthesis Metrics and Baselines

We report PSNR, SSIM [33], LPIPS [34], and FID [35]. Tumor-region SSIM (T-SSIM) is SSIM
restricted to the tumor mask. T-SSIM measures local paired similarity but does not directly
establish segmentation-mask faithfulness.

Baselines include the unadapted Stable Diffusion backbone, a LoRA-adapted model without
ControlNet, and Pix2Pix. These comparisons isolate spatial conditioning and contrast diffusion
synthesis with a paired GAN under the same experimental pipeline.

4.3 BraTS Downstream Protocol

The available BraTS downstream results were obtained by collecting 23,352 tumor-containing
slices and randomly assigning 80% to training and 20% to validation. Synthetic images were
generated from the maximum-tumor slice of all 369 cases, with ten random seeds per mask,
giving 3,690 samples. Experiments were repeated with three initialization seeds.

This is a slice-level, in-cohort protocol: slices from one patient may occur in both partitions,
and synthetic masks are drawn from all 369 cases. Accordingly, the BraTS results describe
in-cohort segmentation; patient-independent testing is provided separately on ACDC.

4.4 ACDC Patient-Independent Protocol

ACDC contains cardiac cine MRI from 150 patients with annotations of the right ventricle
(RV), myocardium (Myo), and left ventricle (LV) [36]. Patients 001-100 are used for model
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development. Their foreground-containing ED and ES slices are pooled and assigned to a fixed
80/20 internal training/validation partition using a slice-level random split. The 10%, 25%, 50%,
and 100% conditions retain the corresponding prefixes of the fixed, shuffled real training-slice
index list; the percentages therefore denote real-training-slice fractions, not patient fractions.

An ACDC-specific rank-64 LoRA adapter is trained for 50 epochs from the same pretrained
Stable Diffusion and ControlNet backbones. The implementation does not initialize this adapter
from the BraTS LoRA checkpoint; accordingly, the ACDC study evaluates target-domain adap-
tation of the framework rather than direct BraTS-to-ACDC weight transfer. For synthesis, the
foreground-maximal slice is selected from each ED and ES frame of every development patient,
yielding 200 conditioning masks. Five stochastic samples are generated per mask, forming a
fixed set of 1,000 synthetic image—-mask pairs. This complete synthetic set is concatenated with
each real-slice subset.

Patients 101-150 form a held-out external test set and are not used for generator adaptation,
segmentation training, or model selection. The fixed synthetic set uses masks from all 100
development patients, so the real-data fractions change image availability while retaining the
full development-mask pool. The internal split is slice-level and may include different slices of
one patient on both sides; patients 101-150 remain fully independent for external testing.

4.5 FEvaluation Measures

Synthesis is evaluated from complementary perspectives. PSNR measures paired pixel error,
while SSIM evaluates luminance, contrast, and structural agreement [33]. LPIPS compares
deep perceptual features [34]. FID compares the mean and covariance of Inception features
from real and generated image sets [35]. Because Inception was trained on natural images and
the sample set is relatively small, FID is treated as a comparative distributional indicator rather
than a clinical-quality score.

T-SSIM is computed within the tumor mask. It answers whether the generated and paired
real images have similar local structure in the specified region. Spatial condition adherence is
additionally examined through the ControlNet ablation and qualitative mask overlays.

Downstream segmentation is evaluated using foreground Dice and the 95th-percentile Haus-
dorff distance (HD95). Dice measures region overlap; HD95 is more sensitive to boundary
outliers. In the ACDC implementation, class-wise Dice is computed after pooling pixels and
slices within each mini-batch, followed by averaging over the three foreground classes and then
over mini-batches. HD95 is computed in 2D for each slice and foreground class; when either
the prediction or reference region is empty, a value of 128 pixels is assigned. These slice/class
values are subsequently averaged over classes, mini-batches, and the test loader. Thus, the re-
ported ACDC values are slice-wise implementation metrics on patient-independent test data, not
patient-level volumetric Dice or 3D HD95. All reported standard deviations are computed across
three training runs. Given the small number of runs and the non-identical 10% BraTS baseline
seed set, we emphasize effect sizes and consistency rather than formal significance claims.

5 Results

5.1 Generator Training Convergence

Figure 2 shows generator optimization over 30 epochs. The training objective fluctuates because
every iteration samples a random diffusion timestep and noise realization, but its smoothed
trend decreases. Validation loss falls from approximately 7.8 x 1072 to 6.6 x 1072 and does
not diverge from the training curve. This behavior indicates stable optimization under the
LoRA-constrained parameterization and motivates evaluation of the generated images and their
downstream utility.
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Figure 2: Generator convergence for the rank-128 configuration. High-frequency variation is
expected from random diffusion timesteps and noise samples.

5.2 Synthesis Quality

Table 1: Quantitative synthesis comparison on BraTS2020. The upper block reports deployable
raw outputs. The lower block is a reference-assisted intensity analysis using paired real images.

Setting Method PSNR1 SSIM+ T-SSIM+ LPIPS| FIDJ
SD baseline 568 0063 0945  0.691 350.75

Raw oot Without ControlNet 13.99 0.506 0.956  0.240 55.91
W outpd CLoORA-MRI 1543 0511 0966 0.202 55.65
Pix2Pix 19.05 0.713 0.980 0.168 162.42

SD baseline 972 0275 0930 0.556 321.74

Without ControlNet 15.01 0.470 0.957  0.268 77.86

Reference-assisted oy ‘b a \RT 16.22  0.527 0963  0.220 75.39

Pix2Pix 18.67 0.627 0.975 0.179 135.30

Table 1 shows that Pix2Pix obtains the best paired pixel metrics, whereas CLoRA-MRI obtains a
substantially lower FID. This disagreement is important: deterministic paired regression favors
pixel alignment, while diffusion sampling better covers the image distribution. We therefore
avoid treating any single metric as a complete measure of medical realism.

Removing ControlNet reduces PSNR from 15.43 to 13.99 and T-SSIM from 0.966 to 0.956,
consistent with stronger local conditioning when ControlNet is included.

Reference-assisted processing improves PSNR and SSIM for CLoRA-MRI but worsens LPIPS
and FID. Histogram matching makes individual images more similar to their paired references
while altering the feature distribution. This mixed result is why post-processing is excluded
from the practical pipeline.
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5.3 LoRA Rank Ablation

Table 2: LoRA-rank ablation for raw generated images. Rank 128 achieves the strongest aggre-
gate performance across the evaluated settings.

r PSNRt SSIM{ T-SSIMt LPIPS| FIDJ

4 12.61 0.274 0.959 0.288  99.59

8§ 1295 0.291 0.960 0.275  89.98
16 13.41  0.332 0.961 0.258  81.29
32 1457  0.461 0.963 0.229  63.34
64 14.75 0484 0.964 0.218  60.88
128 15.43 0.511 0.966 0.202 55.65

Performance improves across the evaluated range, with the largest practical trade-off occurring
between ranks 64 and 128. Rank 64 may be preferable under tighter memory constraints,
whereas rank 128 is used for the remaining BraTS synthesis and augmentation experiments.
The separately trained ACDC instantiation uses rank 64.

Table 3: LoRA-rank ablation after reference-assisted intensity alignment using paired real im-
ages.

r PSNR{ SSIM{ T-SSIMt LPIPS| FIDJ

4 1494  0.517 0.954 0.281 115.95

8 15.27  0.526 0.956 0.270 111.29
16 15.46  0.537 0.958 0.256  100.86
32 1573 0.519 0.960 0.245  86.81
64 1592  0.528 0.961 0.232  83.62
128 16.22  0.527 0.963 0.220 75.39

The post-processed results do not improve monotonically for every metric. Rank 16 has the
highest post-processed SSIM, whereas rank 128 has the best PSNR, LPIPS, and FID, demon-
strating that rank selection depends on the desired quality criterion.

5.4 ControlNet Ablation

The comparison with the model without ControlNet isolates the value of explicit mask condi-
tioning. For raw outputs, adding ControlNet improves PSNR by 1.44 dB, LPIPS by 0.038, and
T-SSIM by 0.010, while FID changes only from 55.91 to 55.65. The small FID difference is
unsurprising because FID does not use the conditioning mask and can therefore overlook spatial
mismatch. Paired and local metrics are more sensitive to whether the generated abnormality
occurs near the requested region.

Because T-SSIM compares against a paired image, future work could complement this anal-
ysis with independent mask-recovery Dice and boundary-distance measurements on generated
images.
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5.5 Qualitative Synthesis

Seg. Mask w/o Ctrl Pix2Pix

sample 35 Sample 22 sample 14 sample 5

Sample 48

Figure 3: Representative BraTS synthesis results showing image texture, lesion appearance, and
alignment with the conditioning masks.

Qualitatively, the unadapted Stable Diffusion model fails to reproduce MRI appearance. LoRA
adaptation improves texture, but omitting ControlNet can weaken correspondence between the
requested lesion location and generated abnormality. Pix2Pix outputs are more directly aligned
with paired targets but appear smoother. CLoRA-MRI produces sharper stochastic samples
while preserving the broad location of the mask condition.

The displayed examples also reveal occasional intensity overexposure, weak lesion contrast,
and local mismatch between mask boundaries and generated texture. These observations moti-
vate further improvements to intensity control and spatial consistency.
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5.6 Effect of Reference-Assisted Intensity Alignment

w/o Post-processing w/ Post-processing Real MRI

Sample 0

Sample 1

Figure 4: Raw output, reference-assisted post-processed output, and paired real MRI for two
examples. The first case benefits from brightness correction, whereas the second shows mild
over-correction.

Figure 4 illustrates why the intensity pipeline is not treated as a universally beneficial component.
In one case it reduces a clear brightness bias and improves tissue contrast. In another, the raw
image is already close to the reference intensity range and gamma correction makes the result
too dark. Quantitatively, CLoRA-MRI improves from 15.43 to 16.22dB PSNR and from 0.511
to 0.527 SSIM, while LPIPS changes from 0.202 to 0.220, FID from 55.65 to 75.39, and T-SSIM
from 0.966 to 0.963. The mixed metric changes support using the raw outputs in subsequent
augmentation experiments.
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5.7 BraTS In-cohort Segmentation Analysis

Table 4: BraT'S in-cohort slice-level segmentation results (mean + standard deviation over three
runs). HD95 is measured in pixels at 128 x 128.

(a) Overall segmentation performance

Ratio Method Mean Dice HD95]
Real only 0.7208+0.0065 48.43+0.83
10% Real + CLoORA-MRI  0.74014+0.0013 45.344+0.52
Real 4+ Pix2Pix 0.7384+0.0066 46.52+1.08
Real only 0.8198+0.0019 40.80+0.26
25%  Real + CLoRA-MRI 0.8219+0.0009 40.4840.26
Real 4+ Pix2Pix 0.8201+£0.0016 40.86+0.14
Real only 0.8627+0.0014  37.70+0.16
50%  Real + CLoRA-MRI 0.8608+0.0013 37.60+0.12
Real + Pix2Pix 0.8620+0.0021 37.87+0.14
Real only 0.8941+0.0013  35.51£0.16
100% Real + CLoRA-MRI 0.8913+0.0014 35.45+0.06
Real + Pix2Pix 0.8933+0.0015 35.5240.09
(b) Region-wise Dice
Ratio Method Edema N./N.E. core Enhancing
Real only 0.6660 0.7154 0.7811
10%  Real + CLoRA-MRI 0.6808 0.7408 0.7986
Real 4+ Pix2Pix 0.6761 0.7372 0.8021
Real only 0.7715 0.8304 0.8575
25%  Real + CLoRA-MRI 0.7722 0.8344 0.8589
Real 4+ Pix2Pix 0.7721 0.8299 0.8582
Real only 0.8327 0.8728 0.8827
50%  Real + CLoRA-MRI  0.8284 0.8726 0.8813
Real + Pix2Pix 0.8316 0.8720 0.8824
Real only 0.8785 0.9017 0.9020
100% Real + CLoRA-MRI  0.8735 0.8996 0.9007
Real 4+ Pix2Pix 0.8777 0.9010 0.9012

At 10% real data, CLoRA-MRI augmentation increases mean Dice by 0.0193 and reduces HD95
by 3.09 pixels. At 25%, the Dice gain is 0.0021. At 50% and 100%, augmentation does not
improve mean Dice. The pattern supports the hypothesis that synthetic data are most useful
when real-data coverage is limited.

The reported regions are the mutually exclusive implementation labels: edema, necrotic/non-
enhancing core, and enhancing tumor. They should not be confused with the standard BraTS
composite WT, TC, and ET metrics, which would require recomputation.
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5.8 Full-Data and Synthetic-Only Analysis

Table 5: BraTS full-data in-cohort analysis. Region columns follow the mutually exclusive
implementation labels rather than standard BraTS composite regions.

Method Dice Edema N.E. core Enhancing HD95]|
Real only 0.8933 0.8799 0.9011 0.8989  35.97
Real + CLoRA-MRI 0.8908 0.8740  0.8998 0.8986 36.00
Real + Pix2Pix 0.8925 0.8782  0.9006 0.8987 36.09
CLoRA-MRI only 0.4971 0.4359  0.4452 0.6101 63.24
Pix2Pix only 0.1847 0.1146  0.2012 0.2383 66.54

When all real slices are available, neither synthetic source improves the real-only baseline. The
difference between real only and real+CLoRA-MRI is —0.0025 Dice, consistent with diminishing
returns at full real-data coverage. In the synthetic-only comparison, CLoRA-MRI achieves
0.4971 Dice versus 0.1847 for Pix2Pix, suggesting that its samples retain more usable variation
under this protocol.

5.9 Sensitivity to Traditional Augmentation Settings

Table 6: Sensitivity analysis of the implemented flip, rotation, and elastic-deformation augmen-
tation pipeline.

Ratio Method Dice Region 2 HD95])
Real only 0.720840.0065 0.7154  48.43
10%  Traditional aug. 0.5673£0.1265 0.4160  58.23
Real + CLoRA-MRI 0.7401+0.0013 0.7408 45.34
Real only 0.819840.0019 0.8304  40.80
25%  Traditional aug. 0.6760+0.0052 0.6795  43.69
Real + CLoRA-MRI 0.82194+0.0009 0.8344 40.48
Real only 0.8627+0.0014 0.8728  37.70
50%  Traditional aug. 0.692540.0014 0.6988  40.87
Real + CLoRA-MRI  0.8608+0.0013 0.8726  37.60
Real only 0.8941+0.0013 0.9017  35.51
100% Traditional aug. 0.71504+0.0037  0.7243  40.14

Real + CLoRA-MRI  0.891340.0014 0.8996  35.45

The implemented flip, rotation, and elastic-deformation pipeline underperforms markedly, in-
cluding a failed necrotic/non-enhancing-core run at 10%. Conventional augmentation is sensitive
to interpolation, deformation strength, label handling, and sampling probability. The compar-
ison highlights the importance of augmentation configuration when evaluating synthetic data
against transformation-based baselines.
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5.10 BraTS Training Dynamics and Visual Predictions

(thin lin 2 nviduan s Jecds, thick line = mean)

/ﬁ/

(a) Validation Dice trajectories across data ratios.

MRI Scan Ground Truth 10% Real Only 10% + CLoRA 25% Real Only 25% + CLoRA

b) Representative real-image segmentation predictions.

Figure 5: BraTS in-cohort training dynamics and representative segmentation predictions across
real-data fractions.

At 10% and 25% data, the synthetic-augmentation curves rise faster during early epochs and
end slightly above the real-only curves. At 50% and 100%, the trajectories converge to similar
values. The qualitative examples show tighter predictions in selected low-data cases, consistent
with the numerical improvement in mean Dice.
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5.11 Patient-Independent ACDC Segmentation

Table 7: ACDC segmentation under different real-training-slice fractions, evaluated on held-out
patients 101-150 (mean + standard deviation over three runs). Each augmented condition uses
the same 1,000 synthetic image-mask pairs. HD95 is the implemented 2D slice-wise measure in
pixels at 128 x 128.

(a) Overall segmentation performance

Real fraction Method Mean Dice HD95]|
0% Real only 0.76614-0.0057  15.40-+0.70
¢ Real + CLoRA-MRI 0.826340.0026 13.6340.70
o501 Real only 0.821740.0036  12.89-+0.90
¢ Real + CLoRA-MRI 0.84864-0.0027 12.0940.28
500 Real only 0.859040.0005 10.5640.10
¢ Real + CLoRA-MRI 0.86614+0.0024 10.6140.19
100% Real only 0.878740.0039  9.79+0.18

Real + CLoRA-MRI 0.8807+0.0010  9.85+0.28

(b) Structure-wise Dice

Real fraction Method RV Myo LV
10% Real only 0.7345 0.6959  0.8680
0 Real + CLoRA-MRI 0.8127 0.7698 0.8962
957 Real only 0.7862  0.7753  0.9035
’ Real + CLoORA-MRI 0.8279 0.8064 0.9114
50% Real only 0.8336  0.8192 0.9243
0 Real + CLoRA-MRI 0.8493 0.8250 0.9238
100% Real only 0.8617 0.8419 0.9324

Real + CLoRA-MRI 0.8662 0.8440 0.9319

On ACDC, the benefit is largest at the 10% real-slice fraction: mean Dice improves by 0.0602 and
HD95 decreases by 1.77 pixels. Improvements remain visible at 25%, while Dice gains narrow at
50% and 100%. Thin and boundary-sensitive structures, particularly the myocardium, benefit
substantially in the lowest-data setting.

The per-structure changes at 10% are +0.0782 for RV, +0.0739 for myocardium, and +0.0282
for LV. The larger gain for myocardium is plausible because a thin wall is difficult to learn from
a small sample and is sensitive to missing shape variation. At 25%, the mean Dice gain remains
+0.0269. At 50% and 100%, Dice still increases slightly, but HD95 worsens by approximately
0.05-0.06 pixels. This overlap—boundary trade-off suggests that synthetic images may improve
average region recognition while introducing small local edge artifacts.

The across-run Dice standard deviation also decreases at 10%, from 0.0057 for real-only
training to 0.0026 with synthetic augmentation. Unlike the BraTS analysis, this result is mea-
sured on patient-disjoint held-out cases. Together with the mean improvement, this supports
the value of augmentation when real-image coverage is limited.
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ACDC Real-Training-Slice Fraction Study: Regional Dice Performance

Sub-region Test Dice at 10% Real-Slice Fraction Sub-region Test Dice at 25% Real-Slice Fraction

Dresony
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a0

Test Dice Score

0696 o

RV myo 29 RV myo w

(a) Per-structure Dice at 10% and 25% real-slice fractions.

ACDC Real vs Mask vs Generated (Pure Cardiac)

1. Real ACDC MRI (Heart) 2. ACDC Mask (Control) 3. Generated (Cardiac Textures)

(b) Examples of mask-conditioned cardiac synthesis.

Figure 6: ACDC downstream and qualitative results. The held-out test patients are not used
for generator adaptation or segmentation training.

6 Discussion

6.1 What the Combined Evaluation Shows

FID, LPIPS, PSNR, and SSIM characterize generated images, whereas downstream Dice and
HD95 assess their utility as supervision. CLoRA-MRI achieves a lower FID than Pix2Pix and
improves segmentation most in the low-data regimes, while Pix2Pix has stronger paired pixel
metrics. These complementary results motivate joint evaluation of image distribution, condition
alignment, and downstream task utility.
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6.2 Position Relative to Recent Studies

Recent studies address related tasks. SegGuidedDiff [18] uses segmentation guidance for diffu-
sion, whereas our evaluation couples a pretrained latent diffusion backbone to a spatial condition
pathway and a limited-parameter LoRA adaptation. Kebaili et al. [20] study multimodal MRI
and mask synthesis; their work also uses a slice-based design. SeLoRA [23] adapts low-rank
capacity for text-conditioned medical image generation, whereas our fixed-rank adaptation is
spatially mask-conditioned. Fourier domain adaptation [26] instead targets distribution shift
in cardiac MRI. Our contribution focuses on the combination of spatial mask conditioning,
parameter-efficient adaptation, and downstream augmentation across real-image data fractions.

6.3 Why Augmentation Helps Primarily at Low Real-Image Fractions

At 10% BraTS data, the segmentation model sees approximately 1,868 real slices, whereas the
synthetic set contributes 3,690 samples obtained by sampling ten realizations from each selected
mask. These samples reuse existing anatomical labels but vary texture and intensity. The likely
benefit is improved coverage of appearance conditional on a valid shape, rather than the creation
of new lesion geometries.

As the real fraction increases, the fixed synthetic collection may become redundant. The
slice-level protocol does not control patient coverage, so additional patient-specific appearances
may also enter the real set. The diminishing-return pattern in both domains does not support
automatic use of synthesis at full data scale.

6.4 Relationship Between BraTS and ACDC Evidence

The two downstream studies provide complementary evidence. BraTS supplies detailed in-
cohort comparisons with Pix2Pix across data fractions; ACDC evaluates on patients held out at
the patient level. The ACDC generator uses an independently trained target-domain adapter,
demonstrating application of the same framework to a second anatomy.

6.5 Role of ControlNet and LoRA

ControlNet supplies spatial mask information; LoRA adapts image appearance with few train-
able parameters. Ablations show weaker mask-conditioned synthesis without ControlNet and
limited adaptation at very low ranks. Their combination supports controlled MRI synthesis
under a restricted adaptation budget.

The rank study further suggests that adapting a natural-image prior to MRI is not a trivial
low-dimensional shift. Performance improves substantially between ranks 16 and 32 and contin-
ues to improve through 128 for most raw-output metrics. Rank 64 offers a practical compromise
for restricted hardware, while rank 128 is the best overall evaluated configuration.

6.6 Deployment Interpretation

The practical pipeline accepts a mask, samples one or more images, and uses the same mask as
a training label. Raw generation requires no paired reference image. If intensity normalization
is desired, it can be estimated from training-set statistics, an unpaired normalizer, or a learned
target-domain mapping. The present results most directly support data augmentation for model
development when valid masks are available but real-image coverage is limited.

6.7 Two-Dimensional versus Volumetric Generation

The method synthesizes each axial slice independently, making training feasible on an 8 GB
GPU and permitting direct use of a pretrained 2D latent diffusion model. Volumetric use would
additionally benefit from consistency across neighboring slices.
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Potential extensions include a native 3D latent diffusion model, 2.5D conditioning on neigh-
boring masks, or a second-stage consistency model.

6.8 Limitations

Three aspects define the scope of the evidence. BraTS uses an in-cohort slice-level split and
mutually exclusive tissue labels, whereas ACDC provides a patient-disjoint test set but retains
masks from all development patients across the real-image fractions; its reported metrics are
computed from 2D slices and mini-batches. Generation is also performed independently at 128 x
128 per slice. Future evaluation would benefit from patient-disjoint BraTS testing, volumetric
consistency and metrics, independent expert assessment, and comparisons with recent mask-
guided diffusion methods.

7 Conclusion

CLoRA-MRI combines ControlNet mask conditioning with low-rank diffusion adaptation for
segmentation augmentation; 2.96% of the BraTS framework’s parameters are trainable at rank
128. Image-quality metrics and downstream performance do not move together. On the patient-
independent ACDC test, synthetic pairs improve implemented mean Dice most at the 10% real-
training-slice fraction, with diminishing benefit as real-image coverage grows. These findings
identify a useful low-data operating regime for mask-conditioned augmentation.

Future studies can extend the protocol to patient-disjoint BraT§S evaluation, standard volu-
metric metrics, recent mask-guided diffusion baselines, and independent anatomical assessment.
Public code, fixed splits, and testing across scanners would further establish reproducibility and
generalizability.
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