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• Therefore, existing face recognition datasets have privacy and legal concerns.


• Given such concerns some of these datasets are retracted. eg: MS-Celeb-1M


• Solutions: 

• Use generative models to generate synthetic datasets for training face recognition models
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• For generating synthetic face recognition dataset, we need to generate inter-class and intra-class variations


• Increasing intra-class variations can be achieved by conditioning generative models


• But how we can increase inter-class variations?
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• Identity Hypersphere 

• Face Recognition model


• we can assume that the extracted identity features cover a unit hypersphere 
(otherwise we normalise it)


• Representing Synthetic Dataset on the Identity Hypersphere 

• we can extract embeddings from all images in the dataset and represent the 
dataset on the surface of a unit hypersphere


• How should reference embeddings cover the identity hypersphere?

F : I → X
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• Since we would like to have a high inter-class variation in the generated dataset, we can say that we need to 
maximize the distances between reference embeddings                


• In other words, we need to solve the following optimization problem:
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• Regularization:  

• The manifold of embeddings does not necessarily cover the whole surface of the hypersphere.


• We need to add a regularization term to our optimization problem that tends to keep the reference embeddings 
on the manifold 

• We consider a set of face images (we call it a gallery) and extract their embeddings. We use these embeddings to 
represent the embedding manifold. Therefore, as a regularization term, we try to minimize the distance of 
points with the gallery:


• Note: The gallery can be from synthetic images.
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• We use a (conditional) diffusion model G which can generate face image                       from reference embedding 


• By changing noise   , we can generate different samples per identity.


• Moreover, we can also add small noise on the reference embedding and generate different images:
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• Ablation study on the effect of number of batch size in HyperFace stochastic optimization (Algorithm 2)
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