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Soft Nearest Neighbor Loss: 1.35921
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Soft Nearest Neighbor Loss: 0.990778
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Soft Nearest Neighbor Loss: 1.26942
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Soft Nearest Neighbor Loss: 0.279559
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Soft Nearest Neighbor Loss of Each Layer in the Final Residual Block of a Restnet on cifar10
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Generated
Data
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Cross Entropy over Training Steps gn SVHN

Accurpcy over Training Steps on SVHN
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Layer name Neural architecture Representation spaces Nearest neighbors
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BIM attacks on SVHN dataset
Black Box Attgck with Source Knowledge
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BIM attacks on SVHN dataset

056 , Black Box Attack Zero Knowledge
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FGSM attacks on SVHN dataset

054 4 \ White Box attack
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Thank you!

Come see the full poster Pacific Ballroom #18
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