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truthful  answers  every  time

Truthful  
Answer

Provides  plausible  deniability  for  clients    responding  to  sensitive  
queries;  achieves  differential  privacy  (RAPPOR  [CCS’14])
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• Cluster:  44  nodes  
• Dataset:  NYC  Taxi  ride  records,   household  electricity  usage
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Thank  you!
https://privapprox.github.io
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