Making Scalable Meta Learning Practical
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Meta Learning (Bilevel optimization)
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s.t. 0"(A\) = argmin Lpgse(Dpase; 0, A)
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Applications: Hyperparameter optimization, data optimization, Neural

architecture search, etc.

Gradient-based Meta Learning
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meta Jacobian base Jacobian

calAble Meta learning Algorithm (SAMA)

1.Approximate base Jacobian as Identity
2.Use the exact adaptive update rule for u
3.Efficient distributed training
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Application to Neural Data Optimization

Noisy Finetuning of Language Models

BERT Finetuning with Noisy Labels

Noisy Finetuning w/ BERT-base
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Scale-agnostic Data Pruning

ImageNet-1k w/ ResNet-50 CIFAR-10 w/ ResNet-18
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