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What Is The Complete Utility-Erasure Trade-off Profile ?
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How Do We Capture Nonlinear Statistical Dependency ?

Correlation = 0.03
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How Do We Solve This Optimization ?
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Obliviator Reveals : Effect of Target Task Labels on Erasure
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Obliviator Reveals : Effect of Target Task Labels on Erasure
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Obliviator Reveals : Effect of Target Task Labels on Erasure
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Obliviator Reveals : Effect of Target Task Labels on Erasure
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Obliviator Reveals : Effect of Target Task Labels on Erasure
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Obliviator Reveals : Effect of Target Task Labels on Erasure
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Obliviator Reveals : Effect of Target Task Labels on Erasure

Obliviator Consistently Outperforms Baselines Across Experimental Setup.



Obliviator Reveals : Erasure Uncovers Representation Structure
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Obliviator Reveals : Erasure Uncovers Representation Structure
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Obliviator Reveals : Utility-Erasure Trade-off
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Obliviator Reveals : Utility—-Erasure Trade-off
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Obliviator Reveals : Utility-Erasure Trade-off
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