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Encrypted Data Stream Processing at Scale
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My work aims to build practical systems that use 
cryptography to empower users and preserve their privacy.
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Developing and Deploying Privacy-preserving Applications is 
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What does “developing these applications” entail?
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[USENIX Security’23]
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[CD+21] Cowan, M. et al. 2021. Porcupine: A Synthesizing Compilerfor Vectorized Homomorphic Encryption – PLDI 2021, 375–389.
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[USENIX Security’23]
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max &
! ∈ #$$%
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Potential Applications
Multidimensional Knapsack Problem

𝑦$ = 1    if application 𝑖 is   
allocated, else 0 

Objective:
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𝑦$ = 1    if application 𝑖 is   
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Privacy cost of application 𝑖 for block 𝑗
* for simplicity we show the cost in 𝜺- DP rather than RDP

Objective:
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