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Abstract
Text-to-image diffusion models demonstrate strong capabilities in
generating photorealistic content across diverse domains. However,
they remain limited in synthesizing clinically relevant facial anom-
alies, such as cleft lip, due to the lack of domain-specific representa-
tions and adaptation strategies. In this work, we introduce a method
for domain-specialized image generation by adapting a publicly
available multimodal diffusion model to synthesize prompt-based,
realistic facial images of both pre-operative and post-operative cleft
lip conditioned on a small set of real images. We compute quantita-
tive metrics to evaluate the realism, identity safety, and diversity
of the generated images, including face identity recognition (FIR),
Fréchet inception distance (FID), and learned perceptual image patch
similarity (LPIPS). In addition, two medical experts independently
rated a subset of the generated samples for anatomical plausibility
and visual realism. Results show that the adapted model avoids
identity leakage, outperforms previous GAN-based approaches in
distributional similarity, and achieves average human ratings of
4.85 for realism and 4.81 for anatomical plausibility on a 5-point
Likert scale. Beyond qualitative generation, we demonstrate the
clinical utility of the generated images by training a lip anomaly
detection model on synthetic samples, achieving an accuracy of 79%
on real clinical data. These findings establish a new paradigm for
adapting generative models toward generating diverse, clinically
meaningful imagery with high fidelity and domain specificity.
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1 Introduction
Cleft lip is a congenital craniofacial condition that occurs when
the upper lip fails to fuse during fetal development. It is one of the
most common birth defects worldwide, affecting 1 in 600 to 800 live
births [23, 34, 38]. The condition can range in severity, from a small
notch in the lip to a complete separation extending into the nose
[35]. While cleft lip can occur in isolation, it is often associated
with cleft palate and may lead to functional challenges such as
difficulties with feeding, speaking, and hearing [4]. Surgical repair
is typically performed within the first year of life and plays a critical
role in restoring both function and facial appearance [9]. However,
even after surgical intervention, subtle anatomical differences may
persist, which can vary depending on the technique used, timing
of the intervention, and individual healing responses [8].

Despite the importance of visual documentation for diagno-
sis, treatment planning, and outcome evaluation in cleft lip cases,
collecting facial images of affected individuals presents several
challenges. Medical facial datasets are inherently sensitive due to
the identifiable nature of facial features and the associated stigma
around visible differences [39]. As a result, institutions often face
strict ethical and legal constraints regarding image sharing and
publication, especially since the subjects are often minors. Patient
consent, data anonymization, and privacy protection protocols fur-
ther limit the availability and utility of such datasets for large-scale
research and machine learning applications [7]. These constraints
create a bottleneck for developing and benchmarking automated
facial analysis systems in clinical contexts. Some restrictions also
apply to new tools for image generation. Despite the recent ad-
vances in prompt-based image generation that offer photorealistic
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outputs, the companies developing these tools enforce strong safety
constraints1. For instance, prompts that include medical terms –
such as cleft lip – are currently blocked due to content policy re-
strictions. While these safeguards are essential, they limit the use of
general-purpose generative models for clinical research, especially
in areas where real-world data is scarce.

Deep learning models have shown great promise in medical
image analysis, including facial landmark detection [25, 30], di-
agnosis [36] and surgical outcome evaluation [31, 32]. However,
these models rely on large, diverse, and well-labeled datasets to
generalize effectively. In the context of cleft lip, the limited avail-
ability of curated facial image datasets restricts the performance
and robustness of such models. This data scarcity is particularly
acute for specific subgroups, such as patients with cleft lip, leading
to potential biases and reduced clinical relevance. As a result, there
is a growing need for synthetic data generation techniques that can
augment existing datasets while preserving anatomical realism and
variability, without compromising patient privacy.

The contribution of this work is a diffusion-based model that en-
ables controlled generation of facial images depicting pre-operatory
(pre-op) and post-operatory (post-op) cleft lip conditions using text-
based prompts. We also refer to these conditions as unrepaired and
repaired cleft lip, respectively. We build upon a state-of-the-art text-
to-image model and adapt it to this medical task by fine-tuning on a
small dataset of real facial images of individuals with cleft lip. Each
training image was manually annotated with descriptive prompts
that captured both the surgical status and the cleft subtype. By align-
ing text descriptions with visual features during fine-tuning, our
approach enables prompt-based generation of clinically meaningful
face images that reflect diverse anatomical structures.

Our experimental results demonstrate that the fine-tuned model
does not memorize or reproduce identities from the training set,
as confirmed by low face identity recognition (FIR) scores. The gen-
erated images achieve a favorable Fréchet Inception Distance (FID),
indicating that they lie within the distribution of real cleft lip im-
ages. To assess diversity, we compute the learned perceptual im-
age patch similarity (LPIPS) between image pairs, confirming high
anatomical variability across generations. Additionally, two med-
ical practitioners with expertise in cleft lip evaluated a subset of
images for both realism and anatomical plausibility (AP), providing
further validation of the clinical relevance of the generated samples.
The synthesized images demonstrated practical utility by being
used to train a lip anomaly detection system, which achieved 79%
accuracy on real images—surpassing the 66% accuracy reported in
comparable work [31]. Our method offers a new pathway for gen-
erating high-quality, privacy-preserving synthetic data to support
training and evaluation in facial analysis tasks specific to cleft lip.
The strategy is general and can be applied to other medical tasks.

2 Related Work
There has been growing interest on facial analysis of individuals
with cleft lip, particularly through image inpainting approaches
to synthesize post-operative images from pre-operative inputs
[3, 12, 31]. However, these models rely on generative backbones
pre-trained exclusively on control individuals included in these

1https://openai.com/index/introducing-4o-image-generation/

facial datasets, limiting their ability to synthesize anatomical irreg-
ularities characteristic of cleft-lip.In contrast, our work focuses on
generating entirely new facial identities that depict either pre-op
cleft lip morphology or clinically realistic post-op features, such as
nasal and upper lip asymmetry, and philtrum scarring, rather than
reconstructing or inpainting over existing subjects.

Aligned to our goal, GestaltGAN [19] generated photorealistic
portraits of individuals with rare genetic disorders using a mod-
ified StyleGAN3-R architecture [15]. However, cleft lip was not
included among the conditions studied. CleftGAN [11] also relied
on StyleGAN3-R model for generating faces with cleft lip condi-
tions. The model was initialized with weights from high-resolution
images of faces from control individuals. Then, it was fine-tuned
on a dataset of 514 cleft-affected frontal photographs. The resulting
model achieved an FID of 21.03 on 2,000 generated samples. While
the generated faces captured features relevant to cleft morphology,
the images often exhibited background artifacts and blurring, which
reduced their overall photorealism.

Current uni-modal diffusion-based approaches in the clinical
domain have predominantly targeted specific imaging modalities,
including MRI and CT scans [17], radiographs [18], dermoscopies
for melanoma detection [1], and facial images of individuals with
facial paralysis [10]. However, these methods have not leveraged
the potential of cross-modal interactions between text and images.
In this paper, we leverage the state-of-the-art capabilities of a pre-
trained diffusion model for text-guided generation of facial images,
with a specific focus on pre- and post-operative cleft lip cases.

3 Methodology
This section describes the proposed approach for adapting a pre-
trained text-to-image diffusion model to generate facial images
depicting cleft lip conditions. We outline the architecture of the
base model, the fine-tuning procedure, and the preprocessing strat-
egy used to prepare latent representations for training.

3.1 Base Model
Our approach builds on the FLUX.1 [schnell] model, developed
by Black Forest Labs. This open-source text-to-image generation
model integrates a hybrid architecture combining diffusion pro-
cesses with transformer-based components [20]. It maintains sepa-
rate parameter sets for language and image modalities, allowing
effective integration of textual prompts into the image synthesis
process. A distinguishing feature of FLUX.1 compared to earlier
diffusion-based models, such as Stable Diffusion [26, 27], is its use
of flow matching [22]. Rather than relying on traditional iterative
denoising, flow matching learns a continuous trajectory from noise
to image space, inspired by the framework of continuous normal-
izing flows [22]. This formulation allows for faster inference by
reducing the number of denoising steps, without reducing realism.

Text conditioning is handled by a dual-encoder system compris-
ing contrastive language-image pre-training (CLIP) [28] and T5 [29]
models. The CLIP encoder captures visual-semantic relationships
to align prompts with image features, while T5 is used to process
more linguistically complex prompts. The image generation back-
bone consists of a UNet-like structure augmented with cross-modal
attention layers incorporating features from both encoders. FLUX.1

https://openai.com/index/introducing-4o-image-generation/
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comprises approximately 12 billion parameters. Although the spe-
cific training data has not been disclosed, these models are typically
trained on large-scale image-text pairs. Figure 1 shows images gen-
erated by different models before adaptation using the prompt A
boy’s face with a cleft lip. The pretrained model does not naturally
capture the anatomical features associated with cleft lip, indicating
the need for domain-specific adaptation. In some cases (Fig. 1d), it
adds irrelevant artifacts to the face.

3.2 Fine-Tuning for Cleft Lip Image Generation
We adapt FLUX.1 [schnell] through parameter-efficient fine-tuning
using low-rank adaptation (LoRA) [14]. Trainable low-rank pro-
jection layers are inserted into the UNet, while the original text
encoders are kept frozen. This decision assumes that cleft-related
terminology is already represented in the pretrained language em-
beddings and that the primary adaptation required is in the visual
domain and its cross-modality representations.

All training images are grouped into resolution buckets based on
aspect ratio and resized to one of four fixed resolutions (256, 512, 768,
or 1024 pixels). This bucketing strategy introduces variability while
preserving anatomical proportions. Each image is passed through a
pretrained variational autoencoder (VAE), also included in the base
model, to obtain a compressed latent representation. These latents
are precomputed and cached to disk, reducing GPU memory usage
during training and eliminating redundant computation.

We add a unique trigger word to the beginning of every training
prompt to ensure that the model learns to generate cleft lip images
only when intended. This word is expected to be an uncommon
combination of characters not likely to appear in regular prompts
used by the base model, serving as a special signal that activates
the fine-tuned behavior. Using a trigger word ensures that the
model focuses on learning cleft-specific features without affecting
its ability to generate general images. During inference, the cleft lip
characteristics will only appear in generated images if the trigger
word is included in the prompt.

The model operates through rich multimodal interaction be-
tween text and image representations that align prompt semantics
and facial anatomy in the latent space. Regular sampling is per-
formed during training to qualitatively monitor prompt adherence
and anatomical plausibility in the generated images. Upon comple-
tion of training, only the LoRA weights are saved, resulting in a
lightweight adapter file that can be merged with or applied to the
base model at inference time.

3.3 Prompt Design and Inference Strategy
To accommodate the anatomical and morphological differences be-
tween cleft lip presentations before and after surgical intervention,
we train two separate LoRA-adapted diffusion models for pre- and
post-op cleft lip. This decision allows each model to specialize in the
visual and structural patterns specific to its respective class, ensur-
ing accurate synthesis of class-relevant features. Pre-operative cleft
lip is typically characterized by a visible tissue discontinuity in the
upper lip, which may extend to adjacent regions such as the gingiva,
hard or soft palate, or nasal cavity. These clefts can vary in severity
and presentation, appearing as unilateral or bilateral conditions. In
contrast, post-operative cleft lip reflects the outcomes of surgical
repair. It may exhibit characteristics such as nasal asymmetry, an

Table 1: Prompt components used for image generation of
pre- and post-op cleft lip.

Pre-Op Cleft Lip Post-Op Cleft Lip

Trigger CLP CLPrep

Age/gender girl, boy, baby, kid girl, boy, baby, kid,
man, woman

Skin tone light, pale, medium, fair, dark, olive
Hair curly, straight, short, wavy, long, blonde,

brown, black, red
Eye color brown, green, blue, hazel
Cleft
features

unilateral
or bilateral

subtle scar(s), slight
lip/nose asymmetry

Status unrepaired cleft lip after cleft lip repair

irregular or raised cupid’s bow, lip asymmetry, or visible scarring
in the upper lip or philtrum. These postoperative features depend
on both the cleft severity and the surgical outcome.

Each model is queried through inference using prompts that
contain a task-specific trigger word, which is an uncommon, non-
semantic sequence. We use CLP for pre-operative and CLPrep for
post-operative cleft lip synthesis. This strategy ensures that cleft-
specific features are generated only when intended, while preserv-
ing the model’s generalization. Prompts are constructed using struc-
tured combinations of attributes detailed in Table 1, including sub-
ject age group and gender, skin tone, hair characteristics, eye color,
cleft type, and cleft status. Every prompt begins with the designated
trigger word followed by a phrase describing the subject’s full face
and incorporates at least one cleft-relevant anatomical descriptor.
An example of a prompt is:

[CLP] A girl’s whole face with an unrepaired unilateral cleft lip.
Light skin. Brown eyes.

Additionally, all prompts include the phrase “Only one face, no
text, no watermarks, no masks or occlusions” at the end to minimize
the generation of artifacts. We use this controlled prompting strat-
egy to generate 2,000 images per class (pre- and post-op cleft lip).
Prompts are sampled to encourage diversity while maintaining con-
sistency across clinical and demographic attributes. The resulting
image sets serve as the basis for the quantitative and qualitative
evaluations presented in the subsequent sections.

4 Experimental Setup
This section describes the data, the training configuration used
to fine-tune the FLUX.1 [schnell] model, and the metrics used to
evaluate the image generation depicting pre- and post-op cleft lip.

4.1 Datasets
We collected 301 facial images of individuals affected by cleft lip.
This dataset includes 100 images depicting pre-operative cleft lip
and 201 images of patients after undergoing surgical repair. Images
were sourced from publicly available online resources, including
websites of cleft-specialized surgeons, hospitals, and non-profit
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organizations that do not prohibit their use. Images include frontal
poses in controlled and natural illumination. No training data sam-
ples are shown in this manuscript to preserve patient privacy.

For the training prompts, we avoided detailed identity-specific
attributes (e.g., skin tone, eye color, or background) to reduce over-
fitting and support generalization. Instead, the captions focused on
clinically relevant features, including age group (baby, child, adult),
gender, cleft type (unilateral or bilateral), nasal asymmetry, repair
status, and the presence of scarring in the orofacial region.

4.2 Model Hyperparameters
The finetuning process was initialized with the publicly available
checkpoint on Hugging Face2. We implement LoRA adapters set
to a rank of 16 and a scaling factor of 32 into the UNet backbone
responsible for image synthesis, while the text encoder was kept
frozen. Each facial image was paired with a corresponding caption
containing the trigger word, CLP for pre-operative and CLPrep for
post-operative cleft lip, to explicitly guide the model to generate
features specific to the target domain. All images were preprocessed
and resized into buckets ranging from 256 to 1024 pixels based on
aspect ratio, and cached as latent representations.

The model was trained using a learning rate of 1 × 10−4 with
the AdamW8bit optimizer. A batch size of 1 was used with no
gradient accumulation. Sampling occurred at regular intervals using
a resolution of 768×768, 4 denoising steps, and the maximum text
guidance scale of 1. Prompt variations followed the description in
Section 3.3.

We experimented finetuning on two hardware configurations:
(1) an NVIDIA RTX 4090 GPU with 24GB of VRAM, where CPU
offloading was required to manage memory usage, and (2) a Tesla
A100 GPU with 40GB of VRAM, where offloading was unnecessary.
The training batch size was fixed to 1, meaning each model iteration
processes one image-caption pair. The total number of training
iterations was set to 10𝑁 , where 𝑁 corresponds to the number of
images in the dataset, ensuring that each sample was seen multiple
times during training.

4.3 Metrics
We aim to generate diverse images with precise cleft-left anomalies.
We also want our generated images to be different from the samples
in the database. We employ a combination of quantitative and
perceptual metrics used in generative modeling to evaluate the
quality, realism, and diversity of the generated facial images

4.3.1 Evaluation of Face Re-Identification To verify that the model
does not memorize or replicate identities from the training set, we
calculate face identity recognition (FIR) based on embedding similar-
ity. This evaluation is especially important in clinical applications,
where privacy and ethical considerations prohibit identity leakage.
We use the InsightFace framework3, specifically the pre-trained
w600k_r50 model based on a ResNet-50 backbone trained on the
WebFace600K dataset [6]. This model produces 512-dimensional
face embeddings that capture identity-specific features. Cosine sim-
ilarity is computed between the embeddings of each generated
image and all real training images from the corresponding cleft

2https://huggingface.co/black-forest-labs/FLUX.1-schnell
3https://github.com/deepinsight/insightface

category (pre- or post-operative). The analysis is performed on a
pool of 2,000 generated samples per class. Since a similarity value
closer to zero indicates a low likelihood of re-identification, we
have used a threshold of 0.6 to classify a pair as having the same
identity. This approach has been widely adopted in generative face
modeling studies to assess identity leakage. It ensures that gener-
ated samples represent novel identities rather than reproductions
of training examples [2, 5, 21].

4.3.2 Distributional Similarity Evaluation We compute the Fréchet
Inception Distance (FID) [13] to assess the overall realism and distri-
butional similarity between real and generated images. FID quanti-
fies the distance between two multivariate Gaussians fitted to the
feature embeddings extracted from a deep classification network
– in our case, the Inception v3 model pre-trained on ImageNet-1k.
One distribution is computed over real (training) images and the
other over generated samples. The FID metric captures both mean
and covariance differences between the two distributions. Lower
FID values indicate greater alignment between real and synthetic
data, with values closer to zero suggesting higher visual fidelity and
realism. In this study, we compute FID separately for pre-operative
and post-operative cleft lip images, using the PyTorch implementa-
tion4 that aligns with the original TensorFlow version5.

4.3.3 Diversity Evaluation We compute the Learned Perceptual Im-
age Patch Similarity (LPIPS) [40] to measure intra-set perceptual
diversity and ensure the model avoids mode collapse. LPIPS mea-
sures perceptual distances between image pairs by comparing deep
features extracted from a pre-trained neural network. Unlike pixel-
wise metrics, LPIPS is sensitive to structural and textural differences,
making it more aligned with human visual perception. We compute
LPIPS scores between 2,000 randomly selected pairs of generated
images within each cleft category to quantitatively assess the level
of structural variability present among the synthesized samples.
This analysis is conducted using the official LPIPS implementation6.
LPIPS scores closer to 1 indicate greater perceptual dissimilarity
which may reflect excessive randomness, whereas scores closer to
0 may signal repetitive outputs. In the context of this work, LPIPS
values closer to 0.5 are considered more favorable, as they indicate
a balanced level of diversity. LPIPS complements FID by evaluating
the model’s capacity to generate diverse facial features within each
class.

4.3.4 Human Evaluation of Realism and Anatomical Plausibility
Quantitative metrics alone cannot capture clinical relevance or
anatomical plausibility. We conducted a perceptual study with two
medical practitioners experienced in cleft lip diagnosis and treat-
ment to complement objective evaluations. A total of 50 generated
images were independently rated by both experts using a 5-point
Likert scale. Each image was scored on two criteria: overall visual
realism, defined as how convincing the image is, and anatomical
plausibility, defined as the feasibility of the generated facial anatomy
from a medical perspective. A rating of 5 represents the highest
level of realism or plausibility, while 1 indicates low quality or un-
likely anatomical configuration. This human evaluation provides

4https://github.com/mseitzer/pytorch-fid/tree/master
5https://github.com/bioinf-jku/TTUR
6https://github.com/richzhang/PerceptualSimilarity

https://huggingface.co/black-forest-labs/FLUX.1-schnell
https://github.com/deepinsight/insightface
https://github.com/mseitzer/pytorch-fid/tree/master
https://github.com/bioinf-jku/TTUR
https://github.com/richzhang/PerceptualSimilarity


DiffusionCleft: Facial Anomaly Synthesis Guided by Text ICMI ’25, October 13–17, 2025, Canberra, ACT, Australia

(a) SDXL model (b) Phoenix by Leonardo.Ai

(c) FLUX 1.1 Pro model (d) FLUX.1 [schnell] model

Figure 1: Images generated by different diffusion-based mod-
els for the prompt: “A boy’s face with cleft lip” before model
adaptation. These state-of-the-art models cannot generate
cleft lip images

an additional layer of validation to assess whether the generated
images could plausibly represent real-world cleft lip cases.

5 Experiments and Results
This section analyzes the results obtained for the fine-tuned models
and interprets the quantitative and qualitative metrics considered
for evaluation.

5.1 Inference on Zero-Shot Models
We began by investigating the zero-shot capabilities of several state-
of-the-art text-to-image generation models in synthesizing facial
images depicting a cleft lip without any domain-specific fine-tuning.
For this purpose, we employed a straightforward prompt: “A boy’s
face with a cleft lip”. Figure 1 presents the output of diffusion-based
models currently considered cutting-edge image generators.

Figure 1a was generated using SDXL, a publicly available latent
diffusion model designed to produce photorealistic images with
strong alignment to text prompts [27]. Figure 1b shows the output
from the Phoenix model by Leonardo.Ai, a commercial diffusion-
based generator known for its enhanced prompt adherence and
high-resolution output. In both cases, the resulting images lacked
visual features consistent with cleft lip anatomy despite successfully
generating faces. The results indicate that even advanced open-
source or commercial models do not naturally associate the term
“cleft lip” with the corresponding anatomical traits.

To further explore high-performance commercial systems, we
evaluated FLUX 1.1 Pro, the most capable FLUX image generation
suite variant. As expected, Figure 1c shows that the generated
image exhibits high visual realism. However, it fails to reproduce
any characteristic features of cleft lip morphology, similar to the

previous models. Finally, we examined FLUX.1 [schnell], the open-
source and computationally lighter variant we later use for domain-
specific fine-tuning. Figure 1d shows that this model also does not
generate facial features indicative of cleft lip. Furthermore, even
when explicitly prompted to produce “a cleft lip scar,” the model
failed to associate the condition with the orofacial region.

These qualitative results highlight a critical limitation in general-
purpose text-to-image models without targeted adaptation. They
do not capture the medically relevant features of cleft lip, regardless
of prompt specificity or model capacity.

5.2 Quantitative Metrics Analysis
Table 2 summarizes the quantitative results for the three evaluation
metrics used in this study: FIR, FID, and LPIPS, computed for the
generated images of both the pre-operative and post-operative cleft
lip models. We use CleftGAN [11] as a baseline, generating 2,000
cleft lip images using the model released by the authors. Given that
we only have the generated images and not the training images,
we only estimate LPIPS metrics for these images. Unlike CleftGAN,
which is limited to generating cleft lip images without control over
specific attributes, our method allows prompt-based specification
of cleft type, repair status, and subject’s demography.

We compute FIR by measuring the cosine similarity between the
embeddings of each generated image and all real training images of
the corresponding class to assess potential identity leakage. We use
a similarity threshold of 0.6 to classify a generated-training pair as
an identity match. For the pre-operative generated images, the FIR
match rate was 0.0025%, with only 5 out of 2,0000 pairs exceeding
the threshold. The post-op cleft lip model performed even better,
with a match rate of just 0.0002% (1 image). These extremely low
match rates indicate that neither model reproduces training identi-
ties, demonstrating strong identity preservation despite the limited
size of the training datasets (100 and 201 images, respectively). We
visualize the full distribution of cosine similarity scores of FIR be-
tween all generated–training image pairs to investigate identity
leakage further. Figure 2 shows that both distributions approximate
a Gaussian curve centered at 0.18 for pre-operative and 0.10 for
post-operative samples. Even with a lower threshold (e.g., 0.5), iden-
tity matches remain rare, further reinforcing the conclusion that
the models do not overfit to training identities.

Next, we evaluate the alignment between the real and generated
image distributions using FID. Lower FID values indicate higher
similarity to the target distribution. Our models achieved FID scores
of 7.277 for the pre-operative set, 7.774 for the post-operative set,
and 5.911 considering both classes. These values indicate a high
degree of visual fidelity and distributional alignment. For context,
we compare our results to a recent study by Hayajneh et al. [11],
which also aimed to generate cleft lip facial images. Their GAN-
based approach achieved an FID of 21.03 when evaluated on 2,000
generated images compared to a training set of 514 real cleft images.
While the datasets differ, our substantially lower FID values suggest
that diffusion-based fine-tuning yields improved alignment with
the underlying data distribution for this domain.

Finally, we computed LPIPS to evaluate perceptual diversity
among the generated images. LPIPS scores range from 0 (identi-
cal images, indicating model collapse) to 1 (maximum perceptual
variation). LPIPS values typically range between 0.2 and 0.6 for



ICMI ’25, October 13–17, 2025, Canberra, ACT, Australia Rosero et al.

Table 2: Quantitative metrics computed on 2,000 generated
images per class for pre- and post-op cleft lip.

Metric Pre-Op Post-Op All Cleft Lip
FIR ↓ 0.0025% 0.0002% –
FID ↓ 7.277 7.774 5.911
LPIPS↔ 0.542 0.559 0.556
LPIPS: CleftGAN [11]↔ – – 0.335

↓ indicates that the metric improves when it is lower, while↔ shows improvement
with values far from the extremes 0 or 1 (e.g., 0.5).
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(b) Post-op cleft images

Figure 2: Histograms of similarity scores used to compute
FIR. The show the mean value with the vertical red line.

the synthesis of faces, depending on the task constraints. Prior
studies have reported reference values such as 0.42 for face gen-
eration [21], 0.39 for diffusion-based text-conditioned generation
[33], and 0.2–0.4 for image editing tasks [16]. In medical imaging
contexts, broader ranges such as 0.23–0.81 have been observed [37].
We aim to avoid both extremes given that our generation is prompt-
conditioned and restricted to the facial domain (values too low
indicative of mode collapse, and values too high suggesting exces-
sive randomness). As reported in Table 2, our LPIPS values are 0.542
for pre-operative, 0.559 for post-operative samples, and 0.556 for
both classes. These values surpass the LPICS result achieved by the
CleftGAN [11] baseline, which is just 0.335. These results suggest
that our approach generates sufficiently diverse yet semantically
coherent outputs, capturing variation in cleft-specific anatomical
features without deviating from the clinical domain.

5.3 Human Scores for Realism and Anatomical
Plausibility

We conducted a human evaluation with two medical specialists
experienced in treating cleft lip to assess the visual realism and
anatomical plausibility of the generated images. A total of 60 images
were independently rated, consisting of 50 generated images and
10 real images. Half of the images depicted pre-operative cases,
and the other half post-operative cases. Each image was scored on
a 5-point Likert scale (1–5), where 5 denotes the highest level of
perceived realism or anatomical plausibility.

Figure 3 shows bar plots of scores for the generated images only.
Post-operative generated images received particularly strong rat-
ings, with average scores of 4.96 for realism and 4.86 for anatomical
plausibility. These results confirm that the fine-tuned model suc-
cessfully captures subtle anatomical outcomes of cleft lip repair,
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Figure 3: Human ratings for generated images, assessing
visual realism and anatomical plausibility. Post-op images
achieved higher average scores compared to pre-op images,
indicating that the model captured subtle surgical outcomes
effectively.
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Figure 4: Human ratings for real images used in the evalua-
tion. Pre-op real images received lower anatomical plausibil-
ity scores, supporting the hypothesis that presenting pre-op
real images of older children negatively influenced expert
ratings.

such as scarring and asymmetry. Both realism and anatomical plau-
sibility for pre-operative generated images were also highly rated,
with mean values above 4.7. This slight decrease in the scores for
pre-operative images compared to the post-operative ones across
both categories, suggests that the model produces slightly more con-
vincing post-operative samples. One possible explanation for this
discrepancy lies in the generation of children’s faces, rather than
exclusively baby faces, within the pre-operative group. Clinically,
cleft repair is ideally performed within the first year of life, often
before six months of age [9]. Consequently, the appearance of an
older child with an unrepaired cleft lip may seem less anatomically
plausible to medical professionals—not due to flaws in image gener-
ation, but because such presentations are uncommon in real clinical
practice. This observation highlights the importance of aligning
prompt design with clinical expectations, particularly in medical
image synthesis tasks.

To further validate these observations, we evaluated the scores
assigned to real images within the assessment set. As shown in Fig-
ure 4, the same trend persisted: pre-operative real images received
lower anatomical plausibility scores. This finding strengthens our
hypothesis that age-related differences, rather than the synthetic
quality of the images, influenced expert ratings. Notice that the
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(a) “[CLP] A kid’s face with an
unrepaired bilateral cleft lip”

(b) “[CLP] A girl’s face with
an unrepaired bilateral cleft lip.
Dark skin”

(c) “[CLP] A boy’s face with an
unrepaired unilateral cleft lip.
Light skin. Green eyes”

(d) “[CLP] A baby’s face with an
unrepaired unilateral cleft lip”

Figure 5: Examples of generated faces with a pre-operatory
cleft lip.

average scores for synthetic (Figure 3) and real (Figure 4) images
are very close, showing the potential of our proposed strategy.

Figures 5 and 6 show representative examples of pre- and post-
operative images, alongside the prompts used to generate them.
These highlight the model’s ability to render text-guided facial at-
tributes, including gender, skin tone, eye and hair color, ethnicity,
age group, and cleft-related morphology. Figure 5 illustrates the
generation of varying severities of bilateral cleft lip, as well as uni-
lateral clefts with nasal asymmetry on the side of the defect, which
is consistent with clinical observations. Figure 6 showcases several
post-operative features: (a) nasal tip ptosis and a poorly defined
Cupid’s bow common among bilateral cleft repair; (b) subtle nose
and lip asymmetry; (c) visible philtrum scarring; and (d) realistic
adult facial structures following surgical repair. These examples
demonstrate that the model can accurately synthesize both struc-
tural variation and demographic diversity in cleft lip conditions.

5.4 Embedding-Space Variance
We conduct an analysis based on principal component analysis (PCA)
on face embeddings computed for the FIR metric to visualize the dis-
tribution of the generated facial images. Figure 8 presents the PCA
visualization for real and generated faces with a cleft lip and a set
of 2,000 facial images of healthy children obtained from Medvedev
et al. [24]. All images were processed as described in Section 4.3.1.

Both the generated pre- and post-operative images show strong
spatial alignment with their respective real counterparts. This sug-
gests that the models have successfully learned to generate well-
distributed images within the same embedding space as the real
cleft lip datasets. A clear spatial distinction can be observed between
pre- and post-operative faces, particularly in the horizontal (PCA

(a) “[CLPrep] A girl’s face with
an unrepaired bilateral cleft lip.
Dark skin”

(b) “[CLPrep] A girl’s face with
slight nose and lip asymmetry
after cleft lip repair. Light skin”

(c) “[CLPrep] A baby’s facewith
a scar on the philtrum after
cleft lip repair”

(d) “[CLPrep] Aman’s face with
slight nose and lip asymmetry
after cleft lip repair. Short hair”

Figure 6: Examples of generated cleft lip faces showing di-
versity across pre- and post-op conditions.

1) direction. This result indicates that the embedding model cap-
tures meaningful anatomical differences between the two classes,
and that such structure is preserved in the generated data as well.
Interestingly, the cluster of healthy children faces overlaps more
strongly with the post-operative group than with the pre-operative
one. This observation is consistent with clinical expectations, as
post-op cleft lip faces tend to appear closer to normative facial
morphology following surgery. This observation further validates
that the generated post-operative faces are not only diverse but
also converge toward realistic and healthy facial structures.

The spread of both generated pre- and post-operative faces shows
a distribution comparable in scale to that of real samples, indicating
that the models are not collapsing into narrow modes or repeat-
ing similar identities. This embedding-space variance supports the
LPIPS findings regarding intra-class diversity.

5.5 Lip Anomaly Detection with Generated
Images

To demonstrate the practical utility of the generated images, we
train a CNN-based model following the single-branch architecture
described in Rosero et al. [31] for lip anomaly detection. The model
classifies images as either displaying an abnormal characteristic of
post-op cleft lip or representing a healthy face. We train the model
using generated post-op cleft lip images and healthy young face
images sourced from Medvedev et al. [24]. However, we evaluate
the model exclusively on a balanced set of 100 real images. This
approach achieves an accuracy of 79%, substantially outperform-
ing the 66% accuracy reported in Rosero et al. [31] synthetic data
under comparable settings (i.e., typical faces with post-op cleft lip
modifications).
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Figure 7: PCA visualization of face embeddings using the
first two principal components. The figure shows real and
generated pre-operatory and post-operatory images. It also
shows real images from control children without a cleft lip
condition.

Additionally, we assess the value of the pre-op generated images
by conducting a classification task between pre- and post-op cleft
lip (2,000 generated images per class). We solely train on generated
images. We evaluate the models on real images. We select 50 pre-
op cleft lip and 50 post-op cleft lip images. The model achieves an
accuracy of 84%without relying on any real samples during training.
These results highlight the effectiveness of our generated datasets
in supporting clinical image classification tasks and underscore
their potential for future applications in data augmentation and
training models where access to real clinical images is limited.

6 Limitations
While our fine-tuned models demonstrate strong performance in
generating clinically plausible facial images with cleft lip features,
we observed a few limitations inherent to text-to-image generation.
Despite incorporating explicit instructions in each prompt, such
as “Only one face, no text, no watermarks, no masks or occlusions”,
as described in Section 3.3, a reduced set of generated images still
contains undesired artifacts. These include partial occlusions (e.g.,
black mask across the eyes), embedded text, multiple faces within
the same image frame, and partially cropped or incomplete facial
regions, as illustrated in Figure 8.

These artifacts may indicate biases in the base model’s pretrain-
ing data, where training images with watermarks, clinical annota-
tions, or masked identities may be present (our training data does
not present any of these artifacts). Even detailed prompts may not
be enough to override these inherited priors. These limitations
highlight the need for complementary post-processing pipelines
for image filtering, reinforcement learning, or adversarial feedback
mechanisms to penalize the generation of such artifacts further.

(a) Black mask across the eyes (b) Embedded text

(c) Multiple faces within the
same image

(d) Partially cropped facial
image

Figure 8: Limitations on the generation of pre- and post-
operative images with cleft lip.

7 Conclusions
This work presented a method to fine-tune a state-of-the-art open-
source text-to-image diffusion model to generate clinically relevant
facial images depicting pre-operative and post-operative cleft lip
conditions. Leveraging a small dataset of 301 labeled facial images,
we employ prompt-based conditioning and LoRA to enable effi-
cient domain-specific adaptation without the need to retrain the
full model. Prompt design was carefully controlled to guide the
synthesis of age, gender, and anatomy-specific features.

We evaluated identity leakage, visual fidelity, diversity, and
anatomical plausibility. Quantitative results show that our method
achieves low FIR match rates, indicating strong protection against
training identity leakage. The generated images closely align with
the distribution of real data, as reflected in low FID scores, and
exhibit substantial intra-class variation according to LPIPS. Human
evaluation by medical experts further confirms the high realism
and anatomical accuracy of the generated samples, particularly for
post-operative representations.

Our approach demonstrates its effectiveness on the downstream
task of lip anomaly detection, opening opportunities for synthetic
data augmentation in medical imaging domains where privacy and
annotation costs still limit scalable machine learning approaches.
Specifically, generated images can be used to enhance facial analysis
tools, including face landmark detection, and the assessment of oro-
facial symmetry after surgery, reducing the reliance on real clinical
images for training and reserving them primarily for evaluation.

8 Safe and Responsible Innovation Statement
Our work aims to support medical training and diagnosis through
the generation of realistic images of cleft lip conditions. We priori-
tize patient privacy by exclusively using synthetic data, mitigating
risks associated with real facial imagery. We acknowledge potential
biases in model outputs related to demographic representation and
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are actively exploring ways to improve inclusivity across skin tones
and facial features. While synthetic medical images offer signifi-
cant benefits, we caution against misuse in contexts lacking clinical
oversight. This work is intended to augment, not replace, expert
decision-making and is developed with sensitivity toward ethical
deployment in healthcare settings.
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