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Why Synthetic-Only learning?

CV4CHL WorkshopDataset Access

▪ Pediatric rare disease recognition is limited by extreme 

data scarcity

▪ Children’s facial images are privacy-sensitive and 

difficult to share

▪ Real clinical datasets often contain only a few samples 

per disease

▪ Synthetic images may provide scalable, shareable 

visual resources for model training and education
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Synthetic-Only Evaluation

Clinical and Educational Value

Beyond Classification: Privacy-Preserving Pediatric Education
▪ Reduces reliance on identifiable pediatric 

facial images

▪ Supports genetic education and clinician 

training

▪ Provides shareable condition-specific 

visual reference

▪ Future work: improve synthetic fidelity and 

validate with clinical user studies
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Dataset

• RDFace

• RDFace-Syn

• 103 rare diseases

Backbones

• ResNet

• DenseNet

• FaceNet

Metrics

• Top-1, 5, 10, 30 

Accuracy (%)

• VGG

• Swin-T

• CLIP

Key Findings

Top-1 Accuracy vs. Synthetic Data Scale

Main Takeaway: Synthetic-only training can approach real-data-only 

performance at sufficient scale, but effectiveness depends on 

backbone architecture and synthetic sample quality.

▪ Synthetic-only models become competitive at intermediate synthetic 

scales.

▪ Best performance often occurs around 6K–8K samples.

▪ More synthetic data is not always better: lower-ranked samples may 

introduce noise.
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