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Goal & application

Goal: given a model architecture, an optimizer, a training dataset and a test dataset
e make training more data efficient - highest test accuracy with the shortest training time
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Goal & application
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Application: supervised image classification
CIFARlO classes

)

JULICH

Forschungszentrum

Member of the Helmholtz Association 3



Pretrain for E epochs with vanilla SGD...

Vanilla SGD uniformly draws all samples in each epoch = Equally important for training
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Pretrain for E epochs with vanilla SGD...

Importance distribution can be identified after a few epochs
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... continue training until epoch N with importance-biased SGD

Our method oversamples hard samples and undersamples easy samples
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Importance weights metric
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Test accuracy Is improved with minimal time cost

CIFAR10 + ResNet50
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Speedup is achieved w.r.t. the baseline’'s max accuracy
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Classes are automatically balanced
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Classes are automatically balanced

iNaturalist2021 + ResNet50 CIFAR100 {20x aug on 20% classes} + ResNet50
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Classes are automatically balanced

CIFAR100 {20x aug on 20% classes} + ResNet50
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Conclusion

Using our importance scheme allows to:
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Conclusion

Using our importance scheme allows to:
e Improve performance with minimal cost
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Conclusion

Using our importance scheme allows to:
e Improve performance with minimal cost
e Speedup learning
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Conclusion

Using our importance scheme allows to:

e Improve performance with minimal cost

e Speedup learning

e Automatically balance classes
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Conclusion

Contact: a.quercia@fz-juelich.de
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e Automatically balance classes
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